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ABSTRACT (ENGLISH) 
Mediational analyses play a critical role in organizational studies. They reveal 
the underlying mechanisms through which the independent variables affect the 
dependent variables, hence offering explanation to various phenomena in 
organizations. Several approaches have been recommended to examining 
mediating effects in the past literature, including the approaches using zero-order and 
partial correlation, hierarchical regression models and structural equation modeling 
(SEM). Although the hierarchical regression approach is the most popular one for 
mediational analyses, the SEM approach has been receiving popularity because of its 
ability to control for measurement errors. Unfortunately, a review shows that 
researchers in most mediational analyses using the hierarchical regression approach 
failed to estimate and test the significance of the mediating effects. In addition, the 
current SEM approach even does not allow for a significance test for mediating 
effects. Without estimating the magnitude and testing the significance of mediating 
effects, researchers may draw an inaccurate conclusion of mediation. 
By reviewing the mediational analyses in the past literature, the current study 
aims at suggesting a solution to the existing SEM approach to examining mediation 
so that the significance of mediating effects can be tested, by adding a constraint to 
the measurement model for model comparison. In addition, considering the 
i 
criticism on Likelihood Ratio Test for being sensitive to sample size, a simulation 
was conducted. The changes in 24 fit indices (APIs) obtained from models of 
various sample sizes and model characteristics when the proposed constraint was 
added to the measurement models were examined. 
Based on the simulation results, this study recommends the use of ACFI for 
mediational analyses with SEM. The critical value recommended is -0.01 with a 
Type I error rate at 1.6% and a power of 81.4% for testing the significance of 




透視獨立變數(independent variable)和反應變數(dependent variable)的關係，從而解 
釋組織中的各種現象。在過去的硏究中，相關系數(correlation)和淨相關系數 
(partial correlation)�層|及迴歸(hierarchical regression)及結構程式模型(Structural 
Equation Modeling, SEM)都曾用於中介變量分析中。雖然層級迴歸是最常用的方 
法，但由於結構程式模型可估計量度誤差(measurement error)，因此愈來愈多中介 
變量分析選用後者。可惜大部分使用層級迴歸的中介變量分析均沒有估計及測 
試中介變量的顯著水準(significance of mediating effects)，而結構程式模型亦不容 
許中介變量的顯著性檢定(significance test of mediating effects)� 
爲了讓結構程式模型的中介變量分析可測試中介變量的顯著水準，本硏究 
建議在測量模型(measurement model)中加上一限制(constraint)以作模型比較。此 
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One of the major objectives of social science research is to predict the future. 
But this is not enough. This merely allows us to know the casual relationship 
between the dependent variable and the independent variable, without understanding 
what is actually happening in between. To produce knowledge, we also need to 
explain the past and the present, which is another major objective of social science 
research. Only by investigating the mechanism which undergoes a casual 
relationship can we understand how or why the variables are associated in a 
particular way. In response to this concern, social science researchers have been 
devoted to examining the presence of mediators, also known as intervening variables, 
in casual relationships among constructs. For instance, trust-in-management has 
been found to mediate the relationship between perceptions of organizational support 
and employee commitment (Whitener, 2003), while the effect of supervision on 
organizational citizenship behavior is mediated by procedural justice (Zellars, Tepper, 
& Duffy, 2002). Also, at group level, team member demographic heterogeneity 
may mediate the effects of perceptions of cooperative norms on team effectiveness 
(Chatman & Flynn, 2001). At organization level, knowledge acquisition by a firm 
from its foreign parent acts as a mediator in the relationship between the firm's 
absorptive capacity and its performance (Lane, Salk, & Lyles, 2001). 
Mediational analyses are critical for us to understand various phenomena 
around us and several approaches have been recommended in the past literature, 
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including the ones using zero-order and partial correlation, hierarchical regression 
models and structural equation modeling (SEM). In the 70,s and early 80，s, 
researchers mainly relied on zero-order and partial correlation coefficients to 
examine mediating effects. Correlation analysis showed that, for instance, job 
involvement mediated the relationship between job satisfaction and absenteeism 
(Cheloha & Fair, 1980). 
Another frequently employed approach to examination of mediation is 
hierarchical regression (e.g. Schaubroeck & Lam, 2002; Lester, Meglino, & 
Korsgaard, 2002). A series of regression models are estimated and the reduction in 
regression coefficient of the independent variable on the dependent variable when the 
effects of the mediator are controlled for is operationalized as the mediating effects. 
Unlike the correlation approach in which no test for the significance of mediating 
effects is possible, there are several statistical tests for the significance of mediating 
effects in the hierarchical regression approach. However, a review of the past 
studies which employed the hierarchical regression approach revealed that most 
researchers neither estimated nor tested the significance of mediating effects. 
SEM has recently been developed as another important statistical tool to 
investigate mediation, such as the mediating effects between participation in 
decision-making and satisfaction (Roberson, Moye, & Locke, 1999), between 
network structure and career success (Seibert, Kraimer, & Liden，2001), and between 
proactive personality and career success (Seibert, Kraimer, & Crant, 2001). SEM is 
advantageous in that it controls for error variances, allows the use of latent variables, 
allows a complex model with more than one independent variable, dependent 
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variable and mediator, and provides a clear path model. However, unlike the 
regression approach, the existing SEM approach does not allow for the test for the 
reduction in effects from the independent variable to the dependent variable when the 
effects of the mediator are controlled for. 
Although some researchers may claim mediation by testing the significance of 
the path from the independent variable to the mediator and that from the mediator to 
the dependent variable, this couple of tests，however, demonstrates a path model only. 
This path analysis neglects a very basic examination of a mediational analysis, that is, 
testing the significance of the effects from the independent variable to the dependent 
variable. If there are no effects in between, no effects can be mediated by a third 
) 
variable (Holmbeck, 1997). In addition, this path analysis fails to test the 
significance of the mediating effects. The test for the significance of the mediating 
effects involves a joint sampling distribution of the change in the relationship 
between the independent variable and the dependent variable after the inclusion of 
the mediator. This sampling distribution is completely different from the sampling 
distribution involved in the test for the significance of either path. Therefore, even 
both paths are significantly different from zero, no conclusion of mediation can be 
drawn. The path analysis, therefore, is an incomplete mediational analysis. 
Without examining the relationship between the independent variable and the 
dependent variable and testing the significance of mediating effects, researchers may 
conclude mediation even when no effects from the independent variable to the 
dependent variable are mediated by a third variable . 
Likelihood Ratio Test is used in the current SEM approach to examining 
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mediation. The chi-square (x^) values of the non-mediated model, 
partially-mediated model and flilly mediated model are estimated. By comparing 
the ^ values, the model fit of the models is compared. Since as well as the 
difference in x ,^ is a function of sample size，when the sample size gets larger, it is 
suspected that even trivial discrepancy in model fit may lead to a significant change 
in x .^ This will result in the rejection of the constrained model and in the preference 
to the unconstrained model. This sensitivity of Likelihood Ratio Test raises a 
concern more of practicality to researchers. In response to this concern, a study was 
conducted to evaluate the changes in { as well as the changes in fit indices (APIs) for 
testing measurement invariance across groups (Cheung and Rensvold, 2002). 
Considering the robustness to sample size and model complexity, ACFI, AGamma 
hat and AMcDonald's NCI, together with their corresponding critical values were 
recommended. However, since mediational analyses with SEM involve 
single-group model comparison, there are concerns whether the results and 
recommendations from Cheung & Rensvold's (2002) study are applicable to both 
testing measurement invariance across groups and testing constraints within single 
group. 
Considering the limitations facing the current SEM approach to mediational 
analyses, there are three major objectives in the current study. First, it aims at 
providing a comprehensive review of the approaches to mediational analyses in the 
past literature. Second, by investigating the characteristics of each approach, it 
seeks to identify the problems underlying the SEM approach, and third, it proposes 
solutions to these problems. 
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Chapter II will provide a literature review of the definition for mediating effects 
as well as the most frequently used methods for mediational analyses, correlation 
approach, hierarchical regression approach and SEM approach included. The 
importance of and methods for testing the significance of mediating effects will also 
be covered in this Chapter. Considering the underlying problems in the SEM 
approach. Chapter III will first elaborate the relationships among variables in a 
mediational model in details. Then，a model for testing the reduction in effects 
from the independent variable to the dependent variable when the mediating effects 
are controlled for will be proposed in this Chapter. Chapter IV examines the 
properties of APIs, in addition to Ax ,^ in evaluating nested models in mediational 
analyses. As an extension from testing measurement invariance across groups, this 
also provides an examination of the sensitivity of various APIs to model 
characteristics in testing constraints within single group. The methodology and 
results will be described in Chapter V and Chapter VI respectively. By using 
simulation, APIs across structural equation models in which mediating effects are 
tested can be obtained and examined. Also, critical values of APIs that are robust to 
sample size and model characteristic variations will be recommended for mediational 
analyses employing SEM. Chapter VII provides numerical examples to illustrate 
the solutions proposed to test the significance of mediating effects. Finally, a 





2.1 Definition of Mediating Effects 
In recent years, the number of research examining mediating effects among 
causal relationships has been increasing (Hoyle & Smith, 1994). Researchers in 
organizational studies are placing more emphasis on this kind of research in order to 
understand the relationship among variables (James & Brett, 1984). 
A mediator is a variable which explains the mechanisms through which the 
independent variable affects the dependent variable. Hence, a mediator can provide 
an answer to how or why certain effects exist between variables. To function as a 
mediator, a variable should have significant relationships with the independent 
variable and the dependent variable respectively. Moreover, when the effects of the 
mediator on the dependent variable are controlled for, the strength of the relationship 
between the independent variable and the dependent variable reduces. To be 
specific, when the strength of the relationship between the independent variable and 
the dependent variable with the effects of the mediator controlled for drops to zero, 
this mediator is the dominant mediator. On the other hand，when the relationship 
remains significantly different from zero, this variable is one of the mediators in the 
relationship (Baron & Kenny, 1986). 
A mediator can also be defined from the perspective of information redundancy 
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(Cohen, Cohen, West & Aiken, 2003). To better portray the relationship of 
variables in a mediational model, consider the five models in Figure 1 which shows 
the various types of relationship among three variables: X；, JG and Y. Xj and JG are 
two independent variables while 7 is a dependent variable. In Model 1 A, Xj is 
correlated withX2 and between them the relationship is represented by the zero-order 
correlation ru. Moreover, there is a casual relationship between X] and Y, so is the 
case for X2 and Y. Hence, the causal effects of Xi on Y can be represented as PYL2 
which is the standardized partial regression coefficient o f X j on 7 with all the effects 
of JG on Y partialed out. Because the effects of X2 on Y are partialed out, in most 
cases, Pyi.2 should be smaller in value than the zero-order correlation between Xi and 
7, or ryi {PYL2 < ryi). This partial regression coefficient is also an estimate of the 
direct effects of X； on Y-the effects from Xi on 7 without any mediation by other 
variables in between (Cohen, Cohen, West and Aiken, 2003). Pyi.2 is defined as: 
队 i 2 = r " ,12 � 
1-厂12 
where ryi is the zero-order correlation between Xj and 7, r n is the zero-order 
correlation between X2 and 7, and vn is the zero-order correlation between Xi and X2. 
Similarly, Py2J represents the direct effects of JG on 7 when all the effects ofXi on Y 
are controlled for. It should normally be smaller in value than ryi KPYI I <厂)2) and is 
calculated as: 
(2) 
1 - 尸 12 
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FIGURE 1 
Models of Redundancy 
ri2 ^ ^ 
Model lA 
XL PYI.2 
^ ^ ^ Y 
Ihi ^ ^ 
Model IB 










Xi • X2 • Y 
Model IE 
8 
Model lA represents a situation in which part of the information of 7 carried by 
Xi and X2 is redundant or overlapping - a case of partial redundancy. For instance, 
in a study investigating the relationship between trustworthy behavior (X；), personal 
attributions (X2) and trust in managers (F) (Korsgaard, Brodt, & Whitener, 2002), the 
zero-order correlation between trustworthy behavior and personal attributions (厂7� i s 
-0.33. The zero-order correlation between trustworthy behavior and trust in 
managers (ryi) is 0.57 while the partial regression coefficient of trustworthy behavior 
on trust in managers with all effects from personal attributions controlled for (J^YIJ) is 
0.42. Similarly, the zero-order correlation between personal attributions and trust in 
managers ("2) is -0.44 while the partial regression coefficient of personal attributions 
on trust in managers with all effects from trustworthy behavior controlled for (J3Y2.I) 
is -0.31. It means part of the information carried by trustworthy behaviors to 
explain trust in managers is the same as that carried by personal attributions. 
Model IB is another case of partial redundancy but it differs from Model 1A in 
that Xi and X2 are causally related. A standardized regression coefficient ofX； on 
X2, that is P2h is therefore used instead of r ^ to represent the causal relationship 
between the two independent variables. In this model, it can be seen that both Xj 
and X2have direct effects on 7, as represented by PYU and PY2.I respectively. In 
addition, Xj exerts indirect influence on 7 through X2. Therefore, by transmitting 
part of the influence of Xi on 7, X2 mediates the relationship between Xi and Y. In 
this case, X2 acts as a mediator in the relationship between X； and 7, resulting in a 
case of partial mediation which is frequently found in organizational studies. For 
example, in order to understand the effects of ratees’ reputation and helpful 
behaviors on raters' reward decisions, a mediational analysis was conducted 
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(Johnson, Erez, Kiker & Motowidlo, 2002). Raters' attributions of ratees' motives 
to helpful behaviors and raters' liking of ratees were found to partially mediate the 
relationship. In another study about negotiation, the relationship between number 
of issues in negotiation and satisfaction of negotiators was found to be partially 
mediated by the number of counterfactual thoughts of the negotiators (Naquin, 
2003). 
Sometimes, it is possible to find that the relationship between X； and 石 is 
hiding or suppressing their actual respective relationship with V, suggesting that ifX； 
and X2 were unrelated, their respective relationships with Y should have been 
stronger. As a result, when the effects of X2 on Y are controlled for, the relationship 
between X； and 7 is no longer suppressed by JG and hence the effects of JO on Y 
should be larger than when the effects from JG are not controlled for, i.e. ryj < Pyi.2 . 
In a study which investigated the mediating role of outcomes of problem-solving 
processes in the relationship between decentralization and development speed of 
organizations (Atuahene-Gima, 2003), suppression was found, showing that the 
relationship between decentralization and outcomes was suppressing the relationship 
between decentralization and development speed. Suppression also occurs when 
pYi 2 is of different sign from that of ry；. For instance, the relationship between 
transformational leadership and organization-based self-esteem was positive but it 
turned to be negative when the hypothesized mediators - personal and social 
identifications - were included in the model (Kark, Shamir, & Chen, 2003). These 
conditions of suppression are the same for the case of 而 
Model IC and Model ID demonstrate two situations with spurious effects. 
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Similar to Model lA, there is a correlation between X； and JGas represented by r u in 
Model IC. The regression coefficient ofXi on 7with effects ofX2controlled for, 
PYI.2, is non-zero, indicating direct effects of XI on Y. However, unlike Model 1 A, 
Model IC shows no relationship betweenX2and 7, i.e. PY2.I = 0. Therefore, from 
equation (2), it can be seen that spurious effects exist when rY2 = ryj n2. Any 
spurious relationship between JG and Y is merely caused by the association between 
Xi and X2. That is, the information carried by X； on 7 totally overlaps with that 
carried by X2 on Y, resulting in full information redundancy. The situation is similar 
in Model ID except that Xi andX2 are in a casual relationship. 
Model IE is also a case of full redundancy. It differs from Model IC and 
Model ID in the direction of relationship among the three variables. In Model IE, 
the casual relationship between JO and JG is jhi and the casual relationship between 
X2 and Y is PYI.I. The relationship between X； and Y, however, is spurious, resulting 
in PYI.2 = 0. Hence, the information of Y carried by Xi is completely the same as 
that carried by X2. All the effects from Xi on Y are therefore directed through X2 
which acts as a mediator between Xi and 7, resulting in a case of full mediation. 
To summarize, from the review of the five models, it can be seen that Model IB 
and Model IE are representations of mediation, of which the former shows partial 
mediation while the latter shows full mediation. Partial mediation occurs when part 
of the influence from JO is directed through X2 to 7, or say it differently, when part of 
the information of Y carried by X； is the same as that of X2. On the same token, full 
mediation exists when all influence from X； to Y is directed through JG, or when all 
information of 7 carried by Xj overlaps with that by X2. 
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According to Baron and Kenny (1986) and Kenny, Kashy, and Bolger (1998), 
mediating effects are defined as the change in the regression coefficient of the 
independent variable on the dependent variable when the mediator is included in the 
model. Consider that before the inclusion of the mediator, the standardized 
regression coefficient of Xj on Y is Pyl It represents the relationship between X； and 
7 without partialing out any effects from other independent variables on Y. jhu’ 
however, represents the relationship between X； and 7 with all effects from JG on Y 
partialed out. The mediating effects, therefore, can be operationalized as Pyi - j h u 
which represents the amount of mediation. Since PYI represents the total effects of 
XI on 7 while PY2J represents the direct effects of XJ on 7, PYI -PYI.2 represents the 
indirect effects of Xi on Y. Another way to operationalize the mediating effects is 
the product of the relationship between JO and JG, and the partial regression 
coefficient ofJG on 7, that is P21PY2.1. This represents the effects of X； on YVmX2, 
hence the indirect effects and therefore should be equivalent to the value oi^Yi -fin.2 
(Kenny, Kashy, & Bolger, 1998). 
2.2 Approaches to Mediational Analyses 
To investigate the presence of mediating effects by a mediator, X2, between an 
independent variable X； and a dependent variable Y, researchers adopt several 
approaches. The following section provides a review of the three most popular 
approaches to mediational analyses. 
12 
2.2.1 Correlation Approach 
Correlation and partial correlation were commonly used in mediational analyses 
in the 70，s and early 80,s. Using this approach, researchers found that job 
involvement acted as a mediator in the relationship between job satisfaction and 
absenteeism (Cheloha & Fair, 1980). Also, employees' subjective norms were 
found to mediate the relationship between organization satisfaction and reenlistment 
behaviors (Horn, Katerberg, & Hulin，1979). 
In a simple mediational model which consists of one independent variable Xi 
and one dependent variable 7, and in which their relationship is proposed to be 
mediated by a mediator 石，researchers follow three steps to examine the presence of 
mediating effects. First, the zero-order correlation coefficient between Xi and Y {ryi) 
is estimated and which has to be significantly different from zero. Second, the 
zero-order correlation coefficient between JG and Y {tyt) is estimated. If ryi is 
statistically significant, X2 is suspected to be confounding the association between X； 
and 7. Researchers thus follow the third step in which the partial correlation 
coefficient between Xi and 7 with the influence of JG on Y controlled for is 
calculated, i.e. VYLI, which is calculated as: 
� 1 2 _ 厂yi _�2厂12 � 
This coefficient represents the correlation between JO and 7, partialing out the 
effects of X2 on Y. If ryj.2 is found to be nonsignificant, the direct effects between 
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Xi and Fare nonsignificant while much of their association is accounted for by the 
indirect effects of X2. It is thus concluded that X2 acts as a mediator in the 
association between JO and Y. For instance, a study was conducted to investigate 
the relationship between Fishbein's behavioral intention model and enlistment 
behaviors (Horn, Katerberg, & Hulin, 1979), in which employees' organization 
satisfaction was the independent variable (X；), their subjective norm was the 
hypothesized mediator (X2) and their intention to reenlist was the dependent variable 
(y). With m = 0 .54(p< 0.05) and rY2 = 0.69 (p < 0.05), the first two conditions 
were satisfied. Since ry j j = 0.07 which was nonsignificant, mediation by subjective 
norm was concluded. When the dependent variable was changed to actual 
reenlistment, ryj = 0.49 (p < 0.05) and ry/ j =0.11 which was nonsignificant either. 
The three steps in the correlation approach can be visualized by Venn diagrams 
as in Figure 2. The area enclosed by each circle represents the variance of a 
variable and the overlapped region between two (or more) circles represents the 
variance shared by the two (or more) variables. This overlapped region also 
represents the linear relationship between the variables (Cohen, Cohen, West and 
Aiken, 2003). When standardized variance is considered, the area enclosed by each 
circle should be the same, as represented by the equal size of each circle. 
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Figure 2 
Venn Diagrams for Correlation Approach to Mediational Analyses 
Venn Diagram 1 for Xi and Y 
Venn Diagram 2 for X2 and Y 
XI 
v i U 
Venn Diagram 3 for and Y 
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Venn diagram 1 in Figure 2 shows the linear relationship between XI and Y. It 
depicts the first condition in the correlation approach: a zero-order correlation 
between Xi and 7 to be estimated. The non-zero correlation coefficient is 
represented by the presence of a shared region of the two circles. Similarly, Venn 
diagram 2 is a representation of the second condition in which a non-zero correlation 
coefficient should exist between JG and Y. When both conditions are satisfied, the 
third condition is tested and Venn diagram 3 shows the relationship among the three 
variables for mediating effects to exist. The partial correlation coefficient, YYLI is 
represented by the unique shared region between X； and 7 without any overlapping 
from X2 in the diagram. This region shows the variance shared by both Xi and Y 
excluding any variance shared by X2. If YYLI is nonsignificant, the variance shared 
hyXi and 7 with the effects from JG on 7 controlled for should be nonsignificant. 
This can further be interpreted that much of the previously significant association 
between XI and Y is accounted for by the influence of X2 on 7, that is the middle 
region shared by all three variables. It is thus concluded that X2 mediates the 
relationship between XI and Y. 
However, the correlation approach is confronted with several limitations. First, 
Venn diagram depicts the variances of variables. Since variance is always positive 
while correlation coefficient between 2 variables can be negative, Venn diagram fails 
to depict the possible negative relationship. Hence the Venn diagram is just an 
approximate illustration of correlation among variables. Second, the correlation 
approach is subject to the influence from measurement errors. Third, it is restricted 
to the use of measured variables. Fourth and more importantly, the correlation 
approach can only examine the presence of mediating effects but fails to test the 
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significance of the change in the relationship between XI and Y when the proposed 
mediator X2 is included in the model (i.e., ryi - n u ) , therefore rendering the 
researchers unable to test the significance of the mediating effects. 
Because of the limitations confronting the correlation approach to testing the 
significance of the mediating effects, researchers have turned to the hierarchical 
regression approach. 
2.2.2 Hierarchical Regression Approach 
Hierarchical regression is one of the most frequently used methods for 
mediational analyses (e.g. Brown & Ganesan, 2001; Collins & Stevens, 2002; 
Colquitt, Hollenbeck, Ilgen, LePine, & Sheppard, 2002; Day, Arthur Jr., & Gettman, 
2001; Kark, Shamir, & Chen, 2003; Lane, Salk, & Lyles, 2001; Wade-Benzoni, 
Okumura, Brett, Moore, Tenbrunsel, & Bazerman, 2002). By developing a series of 
hierarchical regression models, Baron and Kenny (1986) suggested that four 
conditions be met for a variable to be considered a mediator in a casual relationship. 
These conditions are depicted in Figure 3. 
17 
FIGURE 3 













First condition: As shown in Model 3A, the hypothesized mediator JG is 
regressed on the independent variable Xi and a significant standardized regression 
coefficient P21/仏 necessary. 
Second condition: The dependent variable 7 is regressed on JO as in Model 3B. 
The standardized regression coefficient PYI is necessarily significant because without 
any significant relationship between X； and Y, there can be no effects to be mediated 
(Holmbeck, 1997). This step is similar to the first step in the correlation approach 
in which the zero-order correlation ryi is estimated. 
Third condition: A regression model in which both JO and JG are the predictors 
and 7 is the criterion variable is developed, as shown in Model 3C. In this model， 
the standardized partial regression coefficient pYi.i, shows the effects oiX2 on 7 when 
the effects of JO on Y are controlled for. A significant PY2.I confirms the third 
condition. 
Fourth condition: Based on Model 3C, this condition requires a significant 
reduction in the regression coefficient ofX； on 7 when the effects of JG are 
controlled for. That is, flyu should be smaller in absolute value thanPyi. This 
indicates that whenX? is entered into the model, the direct influence of JO on 7 is 
less because some or all of the influence is directed through X2. Specifically, when 
PYI.2 drops to zero，all of the influence from 不 is directed through JG to 7 and full 
mediation by X2 is resulted. Partial mediation exists when PYI.2 remains non-zero. 
This step is similar to the third step in the correlation approach which examines the 
unique variance of Y explained by XI when the influence of X2 on Y is partialed out. 
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2.2.2.1 Testing the Significance of Mediating Effects in Hierarchical Regression 
Approach 
The mediating effects are operationalized as the change in the regression 
coefficient of the independent variable on the dependent variable when the mediator 
is included in the model, i.e. PYI - P Y U or the product of P21 and PY2.I when a path 
fromXy X0X2 is added in Model 3C (Baron and Kenny, 1986; Kenny, Kashy, & 
Bolger, 1998). To demonstrate the mediating effects in previous studies, Table 1 
summarizes the values of PYI, PYL2, and PYI - PYI.2 in studies which conducted 
mediational analyses with hierarchical regression models from January 2000 to 
October 2003, in five major journals of management and psychology, including 
Academy of Management Journal, Journal of Applied Psychology, Journal of 
Management, Organizational Behavior and Human Decision Processes, and 





































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Unlike the correlation approach which fails to test the significance of the 
mediating effects, the hierarchical regression approach prevails in that it allows for 
such a significance test. However, a review of the previous studies shows that 
researchers are depending on various criteria to test the significance of the mediating 
effects. Some researchers, without estimating the amount of mediating effects, may 
rely on the difference between the /^-values of Pyi and Pyi.2 to conclude mediation. 
As an example, in the study by Barrick and Spilker (2003), performance of tax 
professionals in information search was regressed on the knowledge of these 
professionals, giving pyi = 0.36 (p < 0.05). When the proposed mediator search 
strategy was included in the model, pYU was 0.19 (p = 0.16). Since the />-value 
increased from below the significance level of 0.05 to above the significance level, it 
was concluded that full mediation was found. In the study by Aryee and Chay 
(2001), the mediating role of union instrumentality in the relationship between 
procedural justice and turnover intentions was examined. The regression 
coefficient of procedural justice on turnover intentions, fhi, was -0.26 {p < 0.01). 
When the mediator was included in the model, the regression coefficient, PYI.2, was 
found to be -0.21 {p < 0.05). In this study, because the；value increased but was 
still below the significance level of 0.05 after the mediator was included, partial 
mediation was concluded. 
On the other hand, some researchers examine the significance of the mediating 
effects by comparing the variance of Y explained by XJ before and after the influence 
oiX2 is controlled for (e.g. Colquitt, Hollenbeck, Ilgen, LePine, and Sheppard, 2002; 
Griffith & Hebl, 2002; Johnson, Erez, Kiker, and Motowidlo, 2002; Kristof-Brown, 
Stevens, 2001; Marks, Sabella, Burke, & Zaccaro, 2002; Tinsley, 2001; Wanberg, 
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Houph & Song，2002). In the first step, Y is regressed on Xj, as in Model 3B in 
Figure 3, and the variance of Y explained by Xj ( R f ) is estimated. Then in the 
second step, 7 is regressed on both JO and JG, as in Model 3C, in which the variance 
of Y explained by Xj and X) (Rl^), as well as the unique variance explained by X] 
( R L ), are estimated. If Rf: is not significantly different from zero, Xj explains no 
additional variance of 7 when X2 is included, and hence full mediation by X2 is 
concluded to exist. Partial mediation exists when RL is smaller than Rf but 
remains different from zero. 
Offermann and Malamut (2002) investigated the mediating role of perceived 
organizational support in the case of harassment, in the relationship between 
organizational climate and attitudinal responses. When supervisor harassment was 
considered, freedom to report harassment (Y) was first regressed on climate (Xj), 
giving R^ = 0.44 (p < 0.05). When perceived organizational support {Xi) was 
included in the model, the unique variance explained by climate, R�，dropped to 0.00. 
Therefore, when perceived organizational support was included in the regression 
model together with the organizational climate, the variance of freedom to report 
harassment accounted for by organizational climate was trivial, concluding fiill 
mediation. In the case of unit leader harassment, when the dependent variable 
considered was satisfaction with complaint process, Rf = 0.201 (p < 0.001) while 
Rfi = 0.084 (p< 0.01). Because R^^ < R^, and R f � w a s different from zero, 
the conclusion of partial mediation was reached. 
Yet some other researchers turn to statistical tests to test the significance of the 
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mediating effects. Among the 36 studies listed in Table 1, only 11 studies used 
statistical tests to examine the significance of mediating effects. And among these 
11 studies, 6 studies used the modified Sobel test (Baron and Kenny, 1986; Kenny, 
Kashy, & Bolger，1998; Sobel, 1982) while the other 5 gave no information about 
which measures were employed for testing the significance of the mediating effects. 
This proportion is similar to the search results by MacKinnon, Lockwood, Hoffman, 
West, and Sheets (2002). In their investigation of 50 articles which involved 
mediational analyses from 1996 to 1999, over two-thirds of the articles did not use 
statistical tests to examine the significance of mediating effects. For those articles 
that conducted such a significance test, the majority also used the modified Sobel 
test. This may be caused by the influential impact from Baron and Kenny's (1986) 
publication (Hoyle and Smith, 1994). 
In the modified Sobel test, the null hypothesis is Ho： P21PY2.1 二 0, and the test 
statistic，which is approximately distributed as Z, is represented as: 
S= 2 2 "2 产 2.; 2 2 (4) 
where SP” = standard error of P21, S^ ^^  ^  = standard error of PY2.I. If the statistic is 
not significant, the null hypothesis fails to be rejected and P21PY2.1 is not significantly 
different zero, resulting in nonsignificant mediating effects. On the other hand, if 
the statistic is significant, the null hypothesis is rejected, concluding P21PY2.1 is 
significantly different from zero. The mediating effects by X2 in the relationship 
between Xj and 7 are therefore concluded as significant. 
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According to the fourth condition by Baron and Kenny (1986)，mediation 
occurs when PYI is significantly larger in absolute value than PYI.2. Therefore, the 
criteria which examine the absolute difference between y^ y/ ^and PYI, the difference 
between the /^-values of PYI .2 and PYI , or the difference between R^ and Rf), are 
indeed not testing the significance of mediating effects. Instead, they are attempts 
to indicate a change in the influence exerted by Xj on 7 brought about by the 
inclusion of the mediator in the model while none of them examine the significance 
of the decrease from pyi to Pyli- Only is the statistical test, like the modified Sobel 
test, a proper tool to test the significance of the mediating effects, that is, to examine 
the significance of the change in value from pyi to Pyl2. 
In addition, it should be noted that, as shown in Table 1, in a lot of cases, the 
values of Pyi - j h u are relatively small when mediation is concluded, for instance, 
0.03 (Colquitt, Hollenbeck, Ilgen, LePine, Sheppard, 2002), 0.04 (Tonidandel, 
Quinones, & Adams, 2002), 0.05 (LePine, 2003) and 0.06 (Johnson, Erez, Kiker, & 
Motowidlo, 2002). Because of the relatively small size, these mediating effects are 
cast with doubts on their significance. Without properly testing PYI - PYI.2 with a 
statistical test, researchers are exposed to the risk of inaccurate conclusions by just 
considering those criteria as previously described. It is possible that these criteria 
support the presence of mediation in the model while the statistical test shows that 
the mediating effects are in fact nonsignificant. 
To illustrate, in a study by Knight, Duham, & Locke (2001), in which the 
mediating effects of tactical implementation between incentives and team 
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performance were investigated, PYI was 0.17 with /rvalue of 0.03 while was 
0.09 with ；7-value of 0.12. If the change in the regression coefficient of incentives 
on team performance had been considered, mediation should have received support 
because it dropped from 0.17 to 0.09 when the mediator was included in the model. 
Similarly, if the change in the p-value had been taken into consideration, mediation 
would also have been supported because it increased from 0.03 (below the level of 
significance of 0.05) to 0.12 which was no longer significant. However, when the 
significance of Pyi - Pyi.2 was tested with a statistical test, the test result demonstrated 
that the mediating effects were nonsignificant. When the mediating effects are 
nonsignificant, researchers can hardly conclude the presence of mediation in the 
model any more. 
The importance of testing the significance of the mediating effects with a 
statistical test can also be demonstrated in other previous studies. In a study 
investigating the mediating effects of self-efficacy, satisfaction and intrinsic 
motivation in the relationship between modes of exploration for electronic 
information and performance (Debowski, Wood, & Bandura, 2001)，/?" was 0.31 and 
was found to be statistically significant (p < 0.05) while Pyi.2 was 0.14 but was not 
statistically significant. Although the regression coefficient of XJ on 7 dropped 
while its /rvalue increased, which should have demonstrated mediation if the criteria 
of the difference between Pyi and pyi i or the difference between their /?-values had 
been employed, the reduction in the regression coefficient was tested to be 
nonsignificant. Yet in another study, when resistance to teams was examined 
whether it mediated the relationship between a doing orientation and job satisfaction 
(Kirkman and Shapiro, 2001), PYI - PYL2 was found to be 0.04 which was not 
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significant. 
It is therefore demonstrated that if researchers in these aforementioned studies 
had just taken criteria other than statistical test results into consideration, they would 
have reached a conclusion that mediation existed in these three studies. When the 
results of the significance tests for mediating effects were taken into account, as can 
be seen, a completely different conclusion was reached. 
A concern is thus raised that instead of a mere comparison of the /^-values of PYI 
and PYI.2, the absolute values of PYI and PYU, or R^ and R^^, the significance of 
the mediating effects, i.e. PYI - PYI.2 should be taken into account in order to provide a 
more consistent and accurate evaluation of mediation by social science researchers. 
That is, in the fourth condition stated by Baron and Kenny (1986), X2 is considered 
mediating the effects o f X j on 7 only when fiyu is significantly smaller than Pyi 
obtained in the first condition. Given the value of PYI - PYI.2 is significant, full 
mediation occurs when Pyi.2 equals zero while partial mediation occurs when Pyi.2 is 
different from zero. 
Hierarchical regression models, although have been commonly used for 
mediational analyses, are subject to the influence from measurement errors. 
Measurement errors cannot be controlled for in the estimation of the regression 
coefficients. Also, latent variables are included in studies more often nowadays but 
the regression approach is restricted to measured variables only. All these 
inconveniences bring social science researchers to the use of SEM to examine 
mediating effects in casual relationships. 
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2.2.3 SEM Approach 
Structural equation modeling has been used more frequently by organizational 
and management researchers for model testing (Williams, Edwards, & Vandenberg, 
2003) than before. There are several advantages of SEM over the hierarchical 
regression approach for mediational analyses. First, the measurement errors in the 
model can be controlled for when the relationships among variables are examined 
(Braimick, 1995), thus avoiding the complications from measurement errors and the 
overestimation or underestimation of mediating effects (Baron & Kenny, 1986; 
Hoyle & Smith, 1994). Second, the SEM approach allows for a more complicated 
structural equation model, for instance, a model with more than one mediator and 
dependent variable to be considered in one model simultaneously (Hoyle & Smith, 
1994). Third, SEM depicts a clear model which helps ensure all relevant paths can 
be included and tested, without omitting any one (Baron & Kenny, 1986). Fourth, 
SEM provides a better statistical tool to investigate latent variables with multiple 
indicators (Holmbeck, 1997). 
To examine the presence of mediation with SEM, Kelloway (1995) has 
suggested a two-step approach in which three nested structural equation models are 
established for model fit comparison. A model is nested within a full model when 
one or more parameter in the latter is constrained to zero. Hence, a nested model 
can be considered a subset of parameters of the full model (Brannick, 1995). 
In the two-step approach, a fully mediated model is first developed, as shown in 
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Model 4A in Figure 4. rji is the mediator construct in the relationship between 
constructs 6 and rj2. All effects from the exogenous variable 6 to the endogenous 
variable rj2 are via the mediator rji. Based on this mediational model, two 
competing specifications are developed for model comparison (Kelloway, 1998). 
One competing specification is the non-mediated model. As shown in Model 4B, 
this model is formed by constraining ^21, while at the same time allowing 72; to be 
freely estimated. This model suggests that 6 has a causal relationship with both rjj 
and rj2 but there is a lack of direct relationship between the latter two endogenous 
variables. 
The other competing specification is the partially mediated model which is also 
the basic unconstrained model, as shown in Model 4C. All structural paths in this 
model are allowed to undergo free estimation, including 727 which is originally 
constrained to zero in the fully mediated model. Both the fully mediated model 
(Model 4A) and the non-mediated model (Model 4B) are nested within the partially 
mediated model (Model 4C). 
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FIGURE 4 
Competing Models for Mediational Analyses with SEM 
Model 4A: Fully Mediated Model 
7/7 ^ ^^^ 
Model 4B: Non-Mediated Model 
(3) 
yii ^ ^ 
Model 4C: Partially Mediated Model 
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In the first step, the model fit, as estimated by chi-square statistic (x^), of the 
partially mediated model (Model 4C) and that of the non-mediated model (Model 4B) 
are compared. The change in chi-square values (A/^) estimates the significance of 
P2I' With the use of Likelihood Ratio Test, if A;^ is nonsignificant relative to the 
change in degrees of freedom (jSdf), then the non-mediated model fits data as well as 
the partially mediated model. P21 is tested to be nonsignificant and the 
non-mediated model is preferred to the partially mediated model on account of 
model parsimony. When compared with the hierarchical regression approach by 
Baron and Kenny (1986) and using the corresponding terminologies, this is similar to 
the test for the significance of PY2.I in the third condition. 
The test proceeds to the second step if the partially mediated model fits data 
better than the non-mediated model in the first step. In this step, the model fit of the 
partially mediated model (Model 4C) is compared with that of the fully mediated 
model (Model 4A). This also represents a test for the significance of 727. If A ^ is 
nonsignificant relative to Mf , y2] is nonsignificant and the fully mediated model is 
preferred. On the contrary, if 727 is significant, partial mediation is concluded to 
exist in the model. Similarly, this step resembles the fourth condition in the 
hierarchical regression approach in which Pyi.2 is estimated. 
As an example, in a study examining the influence of proactive personality on 
extrinsic and intrinsic career success through individual behavioral processes (Seibert, 
Kraimer, and Grant, 2001), a partially mediated model was firstly developed, with 
structural paths from proactive personality to behavioral processes from 
individual behavioral processes to career success (P21), and from proactive 
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personality to career success (72;). The model fit was examined, giving 14.15 
and df= 8 (p = 0.07). A non-mediated model was then developed and its model fit 
was compared with that of the partially mediated model. Since A;^ = 23.53 which 
was significant relative to Mf (p < 0.01), the non-mediated model had a significantly 
worse fit than the partially mediated model. Finally, the model fit of the partially 
mediated model and that of the fully mediated model was compared, giving A/^ = 
2.42 which was nonsignificant relative to Ad/{p > 0.05). Considering model 
parsimony, the fully mediated model was preferred to the partially mediated model. 
However, the approach suggested by Kelloway (1995) shows little analogy to 
the hierarchical regression approach outlined by Baron and Kenny (1986). 
Specifically, the model fit comparison between the partially mediated model and the 
non-mediated model, and between the partially mediated model and the fiilly 
mediated model, is merely a test for significance of the structural paths P21 and 727 
respectively. As aforementioned, these structural equation models are attempts to 
test the significance of PY2.I (condition 3) and the significance of >^ 77.2 (condition 4) in 
the hierarchical regression approach. These models do not examine the drop in 
effects of on rj2 when the effects of rjj are controlled for. 
Holmbeck (1997) has suggested another approach to examining mediation with 
SEM. Under this approach, in the first step, a model with merely�1 and rj2 is 
developed. Adequate model fit and significant structural path coefficient 727 are 
necessary. This is similar to the test for the significance of PYI in the second step in 
the hierarchical regression approach. In the second step, Model 4A in Figure 4 is 
developed. Again, it is necessary to obtain adequate model fit and significant path 
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coefficients y!j and P21. In the third step. Model 4C is developed and its model fit is 
compared with that of Model 4A developed in the second step. If the constrained 
Model 4A fits data as well as the unconstrained Model 4C, the constrained Model 4A 
is preferred because of model parsimony. This is also similar to the test for the 
significance oiPyi.2 the hierarchical regression approach (condition 4). 
As can be seen, the two SEM approaches show some similarity to the procedure 
outlined in the hierarchical regression approach by Baron and Kenny (1986). 
Unfortunately, neither of them succeeds in testing all four conditions in the 
regression approach, as the Kelloway's approach tests conditions 3 and 4, while the 
Holmbeck's approach tests conditions 2 and 4. Although both approaches can 
estimate the mediating effects which are the product of yu and ^21, a more serious 
problem faces these two SEM approach 一 they both fail to test the significance of 
mediating effects, that is to test the significance of the product of y" and jhi, or PYI -
Pyi.2 in the terminologies in hierarchical regression. As a result, when the SEM 
approach is used, one may tell whether there are mediating effects and can estimate 
the size of the mediating effects, but one may not tell whether the mediating effects 
are significantly different from zero or not. 
2.3 Summary 
Mediator plays a critical role in theory development since it helps explain the 
relationship among variables, providing a clearer picture to the underlying 
mechanisms and phenomena. Mediation exists between an independent variable 
{Xi) and a dependent variable {Y) when the strength of the relationship between them 
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drops after a hypothesized mediator (X2) is included in the model. From the 
perspective of information redundancy, mediation occurs whenever the information 
of Y carried by XJ and X2 is overlapping. Mediating effects are defined as the 
change in the relationship between X； and 7 when JG is entered into the model. 
They represent the amount of mediation and are operationalized as the change in the 
regression coefficient of X； on Y when X2 is included, i.e. PYI 'PYI.2. Another 
operationalization is P21PY2.1，which is the product of the regression coefficient ofXi 
on X2 and the partial regression coefficient of X2 on Y. 
Several approaches have been suggested to examine mediation. Each 
approach enjoys its advantages while also suffers from its disadvantages. By 
considering zero-order and partial correlation coefficients, the correlation approach 
examines the relationship betweenXi and 7 when the effects ofX2on Fare partialed 
out. If the partial correlation coefficient of Xj and Y with effects from X2 controlled 
for is nonsignificant, it is concluded that the original significant association between 
XI and Y is accounted for by the influence of X2 on 7, supporting the mediating role 
of X2. Unfortunately, the correlation approach allows for no test for the significance 
of the mediating effects. 
The hierarchical regression approach has been the most frequently employed 
method for mediational analyses. Four conditions are recommended by Baron and 
Kenny (1986). In addition, this approach allows researchers to estimate and to test 
the significance of the mediating effects. Although some researchers may use the 
difference between the p-values of PYI and PYU, the difference between the absolute 
values of pyi and pyu, or the difference between R^ and R f � , to examine 
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mediating effects, doubts may be cast on these criteria since they are not estimating 
the magnitude of the mediating effects, let alone testing the significance of the 
mediating effects. The conclusion reached through these criteria may be 
inconsistent with that reached through statistical tests. Modified Sobel test is one of 
the statistical tests to properly test the significance of the mediating effects, hence 
offering a conclusion whether the mediating effects in the model are statistically 
significant or not. 
Since the SEM approach can overcome the limitations facing the regression 
approach, like measurement errors and restrictions to the use of measured variables, 
it has been gaining popularity in mediational analyses. Although the existing SEM 
approaches do allow the estimation of the mediating effects, unfortunately, they fail 
to test the significance of the mediating effects by model fit comparison, rendering 
researchers unable to determine whether the mediating effects in the model are 
significant or not. This constitutes to be one major problem of the SEM approach 
to mediational analyses. 
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CHAPTER III 
A TEST FOR THE SIGNIFICANCE OF MEDIATING EFFECTS IN SEM 
As discussed, when researchers are investigating the mediating role of a 
variable, they should not rely on the criteria like the absolute change in the regression 
coefficient from X； on Fwhen JG is included (Pyi - Pyi.2), or the difference between 
the /7-values of the regression coefficients pyi and Pyi.2, or the difference in the 
variance of Y explained by XI after X2 is included. On the contrary, what they 
should consider is the test for the significance of Pyi - PYI.2, and hence the 
significance of mediating effects, in order for them to reach a consistent conclusion 
of mediation. As previously demonstrated, with the same dataset, different 
conclusions may be drawn if different criteria are used. For instance, it is possible 
to conclude a model with mediating effects if the difference between the /^-values of 
the regression coefficients ^yi and Pyi.2 is considered, while the statistical test 
demonstrates the mediating effects are indeed nonsignificant (e.g. Knight, Duham, & 
Locke, 2001; Debowski, Wood, & Bandura, 2001; Kirkman and Shapiro, 2001). 
The test for significance therefore provides critical information about whether the 
amount of mediation is significant or not. 
In the SEM approach to mediational analyses, mediating effects are 
operationalized as the difference between j ^ f in Structural Model 5A and Y2V in 
Structural Model 5B in Figure 5, i.e.y^f , or as the product term ynPii from 
Structural Model 5B. Unfortunately, although there are several statistical tests, such 
as the modified Sobel test (Sobel, 1982; Baron and Kenny, 1986) to examine the 
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significance of mediating effects in the hierarchical regression approach (MacKinnon, 
Lockwood, Hoffman，West, and Sheets，2002), there is no significance test for 
72^ 一 y f ) or y 11^21 in the SEM approach, no matter is the approach suggested by 
Kelloway (1995) or by Holmbeck (1997). 
3.1 A Significance Test for the Mediating Effects with SEM 
A reason for being unable to test the significance of ynP2i is that the standard 
error of this product term is undefined. A reason for being unable to test the 
significance of yg) - y^f^ is that this value cannot be estimated directly in one 
single model, rendering its significance unable to be tested. The following section 
will propose to estimate the magnitude of y^f - y^ ^^  in a measurement model so 
that the significance of y^f 一 y f ) can be tested with a constraint in two nested 
models. 
3.1.1 Model without Mediating Effects 
To propose a solution to testing the significance of mediating effects in a 
mediational model with SEM, first consider a three-variable model without 
mediating effects. In terminologies in hierarchical regression, when no mediating 
effects exist: 
PYI.2 = PYI ( 5 ) 
Since: 
PYI = RYI, (6) 
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and )8n 2 = —！ l!^， (from Equation (1)) 
\-rn 
Equation (5) can be expressed as: 
rn — mm , ， 、 
—; —=rvx (7) 
Therefore, when there are no mediating effects in the model: 
ri2 = 0 (8) 
or rY2 - r n r n = 0 (9) 
3.1.2 Model with Full Mediation 
When there is full mediation in a three-variable model, the relationship between 
Xi and Y should reduce to zero after the mediator JG is included in the model. Hence: 
Pyu = 0 (10) 
From Equation (1), it can be seen that full mediation occurs when: 
ri2 t M (11) 
and ryi — ryirn = 0 (12) 
3.1.3 Model with Partial Mediation 
When partial mediation exists in the model, the regression coefficient of Xj on Y 
should be smaller in value after X2 is included in the model, giving: 
fiyj - Pyi.2 > 0 (13) 
From Equations (1) and (6), the Inequality (13) can be further expressed as: 
rY\ - rrirn _ .. 
厂 r i：— — r " > 0 , (14) 
1 - r\2 
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and hence partial mediation exists when: 
ri2 > 0 (15) 
a n d RY2 一 NIN2 > 0 , ( 1 6 ) 
or r j 2 < 0 (17) 
and rY2 - 厂“< 0 (18) 
3.1.4 Model with Suppression 
Suppression occurs when the regression coefficient of Xj on Y is larger in value 
after the mediator X: is included in the model. With the effects from X2 on Y 
controlled for, the relationship between Xi and Y is no longer suppressed. As a 
result, suppression exists when: 
PYL2 - P Y I > 0 (19) 
Again, from Equations (1) and (6), the Inequality (19) can be expressed as: 
RY\ - MM 
— — - ' ' n > 0 ( 2 0 ) 
1 — ri2 
Therefore suppression occurs when: 
ri2 > 0 (from Equation (15)) 
and rY2 — ryin2 < 0, (from Equation (18)) 
or r]2 < 0 (from Equation (17)) 
and rY2 - ryirn > 0 (from Equation (16)) 
3.2 Procedure for Testing the SigniHcance of Mediating Effects in SEM 
As aforementioned, to examine the significance of the mediating effects in SEM 
is to test the significance of the difference between y�产)in Structural Model 5A and 
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72广 in Structural Model 5B in Figure 5. Based on the previous formulation of 
mediating effects and suppression effects, the following tests with SEM are 
proposed. 
Step 1: First, a measurement model instead of a structural model is developed, as 
shown in Model 5C, with the three latent variables: the independent variable (6), the 
mediator (级 and the dependent variable (fj) . To provide identification of the 
model, the three variables are standardized, resulting in the variance of each variable 
equal to unity, i.e.中“ =022 = 033 = 1. Hence, the correlation between the 
independent variable and the mediator is (j)��. Similarly, the correlation between 
the mediator and the dependent variable is 023 and that between the independent 
variable and the dependent variable is 伞化 The model also corresponds to the 
unconstrained model of which the model fit is estimated. The syntax for assessing 
the model fit of this measurement model is in Appendix I. 
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FIGURE 5 
Models for Testing the Significance of Mediating Effects with SEM 
Model 5A: Non-mediated Model 
Model 5B: Partially Mediated Model 
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FIGURE 5 (continued) 




Model 5C: Measurement Model 
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Step 2: In this step, the existence of mediating effects is tested. From Equation 
(8)，no mediation exists when the correlation between the independent variable and 
the mediator is zero: 
012 = 0 (21) 
Equation (21) can be tested directly from the output of the measurement model 
obtained from Step 1. If 0�2 is nonsignificant, a conclusion that no mediation 
exists between the independent variable and the dependent variable in the Structural 
Model 5B in Figure 5 can be drawn. 
Step 3: If 0,2 is found to be significantly different from zero, a further step is 
adopted to test Equation (9) which is another condition of no mediating effects. 
The null hypothesis of no mediation is tested and can be represented as: 
023 =013012 (22) 
A constraint of Equation (22) is added to the measurement model developed in 
Step 1 to test whether the null hypothesis of no mediating effects is true. The 
syntax of the constrained model is shown in Appendix II. 
Step 4: The model fit of the unconstrained model obtained from Step 1 is 
compared with the model fit of the constrained model obtained from Step 3. If the 
constrained model fits data as well as the unconstrained model, the null hypothesis, 
Ho： 023 二 013珍 12 fails to be rejected. It is thus concluded that no significant 
mediating effects exist in Model 5B. 
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Step 5: On the contrary, if the constrained model shows a significantly poorer fit 
to the data than the unconstrained model, the null hypothesis of no mediation 
should be rejected. There are significant mediating effects (or suppression) in the 
model. It is thus necessary to examine the presence of full mediation. 
From Equation (11) and Equation (12), two conditions exist for full mediation. 
If 012 类 1, the following null hypothesis is tested: 
013=023012 (23) 
Hence, a constraint of Equation (23) is added to the measurement model 
developed in Step 1. The syntax of this constrained model is shown in Appendix 
III. Again, the model fit of this constrained model is compared with that of the 
unconstrained model. If the constrained model fits data as well as the 
unconstrained model, the null hypothesis fails to be rejected, i.e. - 023 012 - 0 , 
and full mediation can be concluded. 
Step 6: However, if the null hypothesis of (j)��一 023012 = 0 is rejected, together 
with the results form Step 2, i.e.伞。关 0 and 023 ^ (l>u伞u, whether partial mediation 
(Section 3.1.3) or suppression (Section 3.1.4) exists depends on the following 
conditions: 
0J2 > 0 and 023 > 013012, partial mediation exists; 
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012 > 0 and 023 < 013012, suppression exists; 
012 < 0 and 023 < 013012, partial mediation exists; 
012 < 0 and 023 > 013012, suppression exists. 
The whole procedure of the tests is summarized in a flow chart as shown in 
Figure 6. 
3.3 Summary 
A solution to testing mediating effects, which are operationalized as PYI - PYI.2 
(Baron and Kenny, 1986) in the regression approach, in SEM is proposed in this 
Chapter. Four scenarios of relationship among variables in a three-variable model 
are identified, including partial mediation, fiill mediation, suppression or lack of 
mediation, together with the conditions necessary for each scenario elaborated. To 
test the significance of the mediating effects, a measurement model which is also the 
unconstrained model has to be firstly developed and of which the model fit is 
estimated. 
To test if significant mediating effects exist, the null hypothesis of 伞^二 Q is 
tested by directly investigating the significance of 伞、】from the output of the 
measurement model Given 中、)is nonsignificant, no mediation exists. If 中^^ is 
significant, a constraint 023 - 0i30i2 is added to the measurement model, forming a 
constrained model of which the model fit is compared with the model fit of the 
unconstrained model. If the constrained model does not fit data worse than the 
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unconstrained model, no mediation is concluded. On the contrary, if the 
constrained model fits data significantly worse, full mediation, partial mediation or 
suppression may exist. 
Because full mediation occurs with two necessary conditions, provided that 
012 关 1, it can be tested by adding the constraint 0j3 = 023 012 to the measurement 
model. This time, if the constrained model fits data as well as the unconstrained 
model, the second condition is also satisfied and full mediation can be concluded to 
exist in the three-variable model. 
However, if the constrained model fits data much worse, no full mediation 
exists and the value of 023 一 伞u中u has to be further calculated. A positive value 
of 023 一 013012 with a positive 0j2 concludes partial mediation while with a 
negative concludes suppression. On the other hand, a negative value of 
023 -013 012 with a negative 中。concludes partial mediation while with a positive 
012 concludes suppression. 
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FIGURE 6 
Flow Chart for Testing the Significance of Mediating Effects with SEM 
Test for Existence of Mediation 
Ho: 012 = 0 
Ho： 012 二� f a i l s to b e ^ ^ j e c t e ^ ^ ^ ^ ^ ^ ^ = 0 is rejected 
No mediation exists Test Ho： 023 = 
^ ^ ^ Ho： 023 =013012 fails 
Ho: 023 =013012 i s r q ^ e c t e d ^ rejected 
Full mediation or partial mediation or No mediation exists 
suppression 
If 0J2 卢 1, test for flill 
mediation 
] r 
Test Ho： 013 - 023012 =0 
, . 丄 ^ X \ Ho： 0n = 0 fails to 
Ho: 013 - 023012 = 0 is r e j e ^ X ^ b e ^ e t e d 
No full mediation Full mediation 
Partial Mediation: Suppression: 
012 >Oand 023 -013012 >0 0,2�Oand "013012 
or 0J2 < Oand fe "013012 <0 or (j)” < 0 and fe "^13012〉0 
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CHAPTER IV 
MODEL COMPARISON IN SEM 
4.1 Chi-Square Difference Test 
Chi-square statistic (x^) was developed for evaluation of model fit relative to the 
degrees of freedom (df) of the model (Hu and Bentler, 1998). A large x^ value 
relative to (^indicates a poor fit of the model to the data while a small value 
relative to (^indicates a good model fit. When a constraint is added to an 
unconstrained model, nested models are formed which can be subject to model 
comparison. By comparing the x^ values of two nested models, model fit of the 
constrained model is compared with that of the unconstrained model by Likelihood 
Ratio Test, also known as chi-square difference test (Bollen, 1989b). In this test, 
the chi-square value of the constrained model (x c) and that of the unconstrained 
model (x^uc) are compared to give a chi-square difference value which is 
calculated as: 
A / = / c - / . c (24) 




where dfc is the degrees of freedom of the constrained model and dfuc is the degrees 
of freedom of the unconstrained model. The null hypothesis of Likelihood Ratio 
Test is that the model fit of the two nested models is not significantly different, i.e., 
A/^ = 0. If A;^ is nonsignificant, the null hypothesis fails to be rejected, 
demonstrating that the constrained model fits data as well as the unconstrained model. 
Considering model parsimony, the constrained model is usually preferred to the 
unconstrained model. On the contrary, if the null hypothesis is rejected，the 
constraint has significantly lowered the fit of the model and thus the unconstrained 
model is preferred. 
Chi-square statistic, however, is a function of sample size, N, and the minimum 
A 
value of the empirical fit function, F mm (Bollen and Long, 1993): 
/ = Fmin (26) 
As a result, chi-square statistic has been criticized to be sensitive to the change in 
sample size (Brannick, 1995). By combining Equation (24) and Equation (26)，it 
can be seen that: 
A / = {N-\)F min,c - {NA)F min,uc (27) 
A 
where F min,c is the minimum value of the empirical fit function of the constrained 
model, and F min,uc is the minimum value of the empirical fit function of the 
unconstrained model. A;^ is therefore also a function of the sample size. When 
the sample size gets larger, it is more likely to have a larger value of A/^. From one 
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point of view, Likelihood Ratio Test is considered a powerful test to detect 
discrepancy in model fit between two models. From another point of view, however, 
even if there is merely trivial discrepancy in the model fit between two nested 
models in comparison, the constrained model will be rejected. Eventually, even 
trivial mediating effects will be considered significant by this powerful test. 
4.2 Testing the Significance of Mediating Effects with AFIs 
In view of the sensitivity of chi-square statistic to sample size, researchers have 
developed a series of fit indices (FIs) to measure the goodness-of-fit of models in 
SEM. Unlike ^ which tells whether the model fits the data well or not, these FIs 
tell how well the covariance structure implied by the model fits the sample data 
along a continuum (Hu and Bentler, 1998). Unfortunately, in model comparison, 
researchers still rely on chi-square statistic in Likelihood Ratio Test. This may be 
caused by the lack of standard or critical values of change in FIs (AFIs) to determine 
whether the constrained model shows a significantly poorer fit to data than the 
unconstrained model (Cheung and Rensvold, 2002; Vandenberg and Lance, 2000). 
This double standard in testing model fit (Brannick, 1995) constitutes another 
underlying problem of the SEM approach to mediational analyses. 
To offer solutions to this double standard, Cheung and Rensvold (2002) 
investigated AFIs in testing measurement invariance across groups. Two-group 
measurement models of different number of factors, factor variance, correlation of 
factors, number of items per factor, factor loadings and sample size per group were 
investigated. By adding invariance constraints to these models, constrained models 
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were developed. With the use of simulation, APIs were obtained from the 
difference in FIs of both the unconstrained and constrained models. In total, 20 
different APIs and eight hypotheses of invariance (configural invariance, 
construct-level metric invariance, item-level metric invariance, residual variance 
invariance, intercept invariance, equivalence of construct invariance, equivalence of 
construct invariance, and equivalence of latent means) were examined. Considering 
that APIs should have a nonsignificant correlation with their corresponding FIs, 
should be unaffected by model complexity, and should not be redundant with other 
APIs, ACFI, AGamma hat and AMcDonald's NCI were considered relatively robust 
statistics for testing measurement invariance across groups. Critical values for 
these APIs with the null hypotheses of measurement invariance were recommended. 
Specifically, the critical value is -0.01 for ACFI, -0.01 for AGamma hat and -0.02 
for AMcDonald's NCI. 
The study by Cheung and Rensvold (2002) suggested critical values of APIs for 
testing measurement invariance across groups. In testing the significance of 
mediating effects with SEM with the procedure proposed in Section 3.2, however, 
the model fit of the constrained and that of the unconstrained models within the same 
group are compared. Hence, it remains uncertain whether the simulation results and 
the critical values of the APIs recommended in Cheung and Rensvold's (2002) study 
can be applied to both testing measurement invariance across groups and testing 
constraints within single group. 
To examine whether A/^ shows robustness in mediational analyses, or whether 
APIs can be better indicators of significant mediating effects, as alternatives to , a 
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simulation was conducted in the current study. By examining the robustness of 
APIs under different conditions of sample size and model characteristics, critical 
values of APIs for testing the significance of mediating effects will be provided. 
Apart from being used for mediational analyses, these recommended APIs can also 
be employed for testing constraints within single group. In total, APIs of 24 FIs 
were investigated which are classified into six groups: 
1. FIs based on the minimum sample discrepancy: include chi-square 
normed chi-square (X^/df), minimum fit function value ( F 她)， 
Goodness-of-Fit Index (GFI; Tanaka & Huba, 1984)，adjusted GFI (AGFI; 
Joreskog & S6rbom, 1984), RMR (Joreskog & SSrbom, 1984) and 
standardized RMR (Rentier, 1995). 
2. FIs based on the population discrepancy: include noncentrality parameter 
(NCP; Steiger, Shapiro, & Browne, 1985) and RMSEA (Steiger, 1989) 
3. Information-theoretic FIs: include Akaike's Information Criterion (AIC; 
Akaike, 1987), consistent version of AIC (CAIC; Bozdogan, 1987) and 
Expected Cross-Validation Index (ECVI ； Browne & Cudeck, 1993) 
4. Incremental FIs: include Normed Fit Index (NFI; Bentler & Bonett, 1980), 
TLI (Tucker & Lewis, 1973), CFI (Bentler, 1990), Incremental Fit Index 
( i n ; Bollen, 1989a), Relative Fit Index (RFI; Bollen, 1986) and Relative 
Noncentrality Index (RNI; McDonald & Marsh, 1990) 
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5. Parsimony adjusted FIs: include parsimonious GFI (PGFI; Mulaik，James, 
Van Alstine, Bonnett, Lind, & Stillwell，1989)，parsimonious NFI (PNFI; 
James, Muliak, & Brett, 1982) and parsimonious CFI (Arbuckle & 
Wothke, 1999). 
6. Absolute FIs: include gamma hat (Steiger, 1989), McDonald's (1989) 
Non-Centrality Index (Mc) and critical N (CN; Hoelter, 1983). 
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CHAPTER V 
METHODOLOGY OF SIMULATION 
5.1 Resampling Space Generation 
The first step in the simulation was to generate the "populations" or resampling 
spaces. To ensure sufficient variety while to keep the simulation within manageable 
limits, 20 correlation matrices of the three variables Xi, X2 and Y from past studies in 
Table 1 were used to generate the populations. To examine the level of Type I error 
for APIs, resampling spaces under the condition that the null hypothesis of no 
mediation was true, i.e., = y^) (from Model 5A and Model 5B in Figure 5), 
was first generated. Apart from the Type I error, it is also important to consider the 
sensitivity of APIs to detect any misspeciflcation of the model (Hu & Bentler, 1998). 
Also, examining both Type I error and power can help in the accurate application of 
a statistical test (MacKinnon, Lockwood, Hoffman, West, and Sheets, 2002). To 
examine the power of APIs in detecting significant mediating effects, another set of 
resampling spaces with medium-sized mediating effects (defined as 0.1 from the 
review in Table 1) was included. 
In generating the two resampling spaces previously described, let E represent 
the mediating effects, such that: 
E - )4f) (28) 
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From Equation (1) and Equation (6), when 0 ^ = 1 , 022 =1 and �33 =1, Equation 
(28) can be expressed as: 
E = 伞 『 伞 ( 2 9 ) 
1-012 
- 012 ) = 013 (1 - 012 ) - 0 l 3 + 023012 
五一 012^ = 013 - 013012 一 013 + 伞23伞U 
023 012 = 五 + 013 012 — 
々 0 2 3 = ^ + 012 (013-幻 (30) 
When there are no mediating effects, E should equal zero in Equation (30), 
giving 023 二 , that is, the correlation between the mediator and the dependent 
variable should equal the product of the correlation between the independent variable 
and the dependent variable, and that between the independent variable and the 
mediator. Therefore, to create the resampling spaces such that the null hypothesis 
of no mediation was true, a correlation matrix was converted from each of the 20 
published correlation matrices containing correlation coefficients ofX/, X2 and Y 
with the variance of each variable standardized to unity such that 0" =1, 022 = 1 
and 033 =1. The value of 023 was then changed to the value of the product term 
013012-
On the other hand, when mediating effects exist in the model, E should be 
non-zero. Since 0.1 was taken as medium-sized mediating effects in the current 
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study, to obtain 20 resampling spaces with medium mediation effects at 0.1, based on 
Equation (30), 023 of each of the 20 published correlation matrices was changed to: 
023 = " ^ + 012(013 — 0.1) (31) 
012 
With the use ofLISREL 8.30 (Joreskorg and Sorbom, 1999) and based on the 
40 correlation matrices (20 with no mediating effects; 20 with mediating effects), 
resampling spaces were developed with different combinations of number of items 
per factor (I) and factor loadings (L). Following the simulation procedure by 
Anderson and Gerbing (1984), there were two alternatives for I (3 or 4) and three 
alternatives for L at each value of I (If I = 3: 0.4, 0.6, 0.8; 0.6, 0.6, 0.6; 0.9, 0.9, 0.9; 
If I = 4: 0.4, 0.6, 0.6, 0.8; 0.6, 0.6, 0.6, 0.6; 0.9, 0.9, 0.9, 0.9). Since a three-variable 
model was used for the mediational analyses, the number of factors F was fixed at 3. 
As a result, 240 resampling spaces were developed. These were resulted from 20 
original correlation matrices, 2 conditions of mediating effects, 2 conditions of 
number of items per factor and 3 conditions of factor loadings. 
I 
A population covariance matrix was then generated from each of the 240 
resampling spaces. Based on each population covariance matrix, 100,000 records 
were simulated with normal distribution. This resulted in 240 populations, each 
with a population size of 100,000. 
5.2 Sample Generation and Method of Analysis 
67 
After the population generation comes the second step, that is, to generate 
samples of various sample sizes from the populations. 
For each of the 240 populations, 1,000 samples were generated by the bootstrap 
procedure with sample size of each sample equal to 200. As a result, for sample 
size at 200, 240,000 samples were generated, together with the sample covariance 
matrices. The bootstrap procedure was repeated for sample sizes of 400 and 800. 
In total, the simulation procedure generated 720,000 samples for 720 model 
conditions (20 covariance matrices, 2 conditions of mediating effects, 2 conditions of 
number of items per factor, 3 conditions of factor loadings, and 3 conditions of 
sample size). The model parameters for simulation are summarized in Table 2. 
TABLE 2 
Model Parameters for Simulation 
Code Variable Values 
F Number of factors 3 
C Covariance of factors 20 different matrices for null 
hypothesis; 
20 different matrices for alternative 
hypotheses 
I Number of items per factor 3 or 4 
L Factor loadings If I = 3: 0.4, 0.6, 0.8: 
0.6, 0.6, 0.6; 
0.9, 0.9, 0.9 
I f l = 4: 0.4，0.6, 0.6, 0.8; 
0.6, 0.6, 0.6, 0.6; 
0.9, 0.9, 0.9, 0.9 
N Sample size per model 200,400, 800 
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For each of the 360 model conditions (or 360,000 samples) without mediating 
effects, a measurement model was firstly developed to fit each sample covariance 
matrix, according to the outlines in Step 1 in Section 3.2 and with a reference to the 
syntax in Appendix 1. The model fit of each sample was then estimated and a set of 
FIs was generated by using LISREL 8.30 (Joreskog and Sorbom, 1999). 
Secondly, as proposed in Step 3 in Section 3.2, the constraint 023 =伞u中u was 
added to these 360 models (or 360,000 samples), with a reference to the syntax in 
Appendix II. This constraint was to test the null hypothesis of no mediating effects. 
Hence, another set of FIs was estimated for each constrained model. 
Then, the two sets of FI values of the corresponding constrained and 
unconstrained models were compared to give APIs. Because the populations used 
were developed without any mediating effects, these APIs should provide a range of 
values for critical value recommendation with null hypothesis of no mediating 
effects. 
The procedure was repeated for the 360 models (or 360,000 samples) with 
medium-sized mediating effects of 0.1. Again, APIs were estimated from two sets 
of FIs, one set from the unconstrained models and the other set from the constrained 
models. On the same token, because the populations had mediating effects of 0.1, 
APIs obtained should provide a range of values to recommend critical values of APIs 
at different power levels to reject the null hypothesis of no mediation. 
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As an example, in the mediational model in a study by Korsgaard, Brodt, and 
Whitener (2002), with standardization (011=1，022=1 and 3^3 =1), 012^-0.33, 
013 = 0.57 and 珍23 二 -0.44. To convert the original model into one without 
mediating effects, 023 was changed to -0.19 (023 = 0i30i2). Six correlation 
matrices were then generated by varying the factor loadings and number of items, 
and they were further converted into six population covariance matrices. Based on 
these six population covariance matrices, six sets of population data, each with 
100,000 records were further simulated. From each of these population data sets, 
1,000 samples with size of 200, 1,000 samples with size of 400 and 1,000 samples 
with size of 800 were bootstrapped. In total, 18,000 (6 x 1,000 x 3) sample 
covariance matrices were formed. A measurement model was fitted with each of 
the 18,000 sample matrices. FIs were thus estimated from these unconstrained 
models. To obtain FIs from constrained models, the constraint 023 = ^u^u was 
added to the measurement model and the model fit was estimated. By comparing 
the two sets of FIs, AFIs from models without mediating effects were calculated. 
Similarly, to convert the original model into one with medium-sized mediating 
effects of 0.1, 023 was changed to -0.46 according to Equation (31). Following the 
same procedure as for the model without mediating effects, AFIs were estimated for 
the model with a medium level of mediating effects. 
The simulation procedure generated two sets of AFIs, one set from models 
without mediating effects and the other from models with medium-sized mediating 
effects at 0.1. For a AFI or some AFIs to be recommended for testing the 
significance of the mediating effects, it should be able to detect the lack of mediating 
effects when the null hypothesis of no mediation is true. Hence, a low level of Type 
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I error should be maintained. On the contrary, when there is mediation in the model, 
the AFI should have sufficient power to detect the mediating effects and reject the 
null hypothesis of no mediation. Hence, both Type I error and Type II error should 
be taken in to consideration. 
In addition, the recommended AFI or APIs should be resistant to the influence 
from sample size as well as other model characteristics. The variance of the AFI 
accounted for by these factors should be minimal. Otherwise, the level of Type I 
error will be dependent upon sample size and model characteristics. Similarly, the 
power of the AFI should be affected by neither the sample size nor model 
characteristics. 
Therefore, the variance of each AFI explained by sample size and each model 
characteristic, as well as their two-way interactions, were considered under the 
conditions of no mediation and of mediating effects at 0.1. Univariate analysis of 
^ general linear modeling was used to estimate the variance of each AFI explained by 
each factor. Specifically, a AFI would be considered for recommendation when its 
variance explained by each factor was smaller than 10% under both conditions of no 
mediation and of medium-sized mediating effects. 
Another consideration of a AFI to be recommended for testing the significance 
of the mediating effects is that it should show minimal correlation with its 
corresponding FI for overall model fit, under both conditions of no mediation and 
presence of mediation. This is a desirable property because if a AFI strongly 
correlates with the FI for overall model fit, it means the value of the AFI is 
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substantially influenced by the overall model fit instead of the mediating effects. 
Considering the large sample size in our simulation, non-significant correlation 
coefficients were not looked for but coefficients of small values were. Hence APIs 
which had correlation coefficients with their corresponding FIs for overall model fit 
smaller than 0.1 would be considered acceptable. 
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CHAPTER VI 
SIMULATION RESULTS AND DISCUSSION 
6.1 Simulation Results 
6.1.1 Variance Explained by Model Characteristics 
In simulation, the effects of sample size and other model characteristics, 
including factor loadings (L), sample size (N), number of items per factor (I), were 
considered. The variance of each AFI explained by each of these factors as well as 
their two-way interactions (LxN, Lxl, and Nxl) under the conditions of no mediation 
and presence of medium-sized mediating effects at 0.1 was examined with the use of 
univariate analysis of general linear modeling, and the results expressed in 

































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































6.1.1.1 Variance Explained Under the Condition of No Mediation 
Table 3 shows the percent variance of each AFI caused by sample size and other 
model characteristics, as well as their two-way interactions under the condition of no 
mediation. It can be seen that in non-mediated models, all APIs had small percent 
variance explained by these factors. All percent variances fell below 10%. 
Interestingly, opposed to the previous criticism, the percentage of variance of A/^ 
accounted for by sample size was only 0.02%, and the same for the case 
Hence, when there are no mediating effects in models, both A/^ and Aj^/df seem to 
be resistant to the influence from sample size. This is because when the null 
hypothesis is true, the expected value of A;^ should equal M f which was one in this 
case. 
Some percent variances, although well below 10%, were relatively high 
compared with other percent variances. For instance, the percent variance of AF她 
and AGFI attributed to the influence from sample size was 7.87% and 6.98% 
respectively. Examination showed that the higher the sample size, the smaller were 
the values of ISFmin and AGFI. Another two APIs based on the minimum sample 
discrepancy, ARMR and ASRMR, were shown to be moderately influenced by levels 
of factor loadings, with 6.56% of variance caused by factor loadings. The values of 
ARMR and ASRMR increased with factor loadings. In addition, all APIs of the 
three parsimony adjusted FIs were moderately affected by model complexity in terms 
of number of items per factor. The percent variances due to this factor were 7.08% 
for APGFI, 8.29% for APNFI and 7.81 % for APCFI. When the number of items per 
factor increased, their values reduced. 
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6.1.1.2 Variance Explained Under the Condition of Mediating Effects at 0.1 
6.1.1.2.1 Variance Explained by Factor Loadings 
When there were medium-sized mediating effects at 0.1, most APIs were 
strongly affected by factor loadings in the model. For all FIs based on the 
minimum sample discrepancy except ^ and ^Idf, over 10% of variance of APIs was 
accounted for by factor loadings. Among these APIs, ARMR and ASRMR were the 
most strongly affected, with about 42% of their variance accounted for by factor 
loadings. 
For the group of FIs based on the population discrepancy, ANCP was 
moderately affected by factor loadings but ARMSEA was strongly affected，reflected 
by its 10.62% of variance explained by factor loadings. For information-theoretic 
FIs, only AECVI was strongly affected by factor loadings, with 12.25% of variance 
accounted for by this model characteristic. 
All incremental FIs were relatively resistant to the influence from factor 
loadings since all APIs of incremental FIs had the percent variance explained by 
factor loadings less than 10%. Among the parsimony adjusted FIs, however, 
APGFI was strongly affected by this model characteristic since 10.32% of its 
variance was caused by factor loadings. Similarly, AGamma hat had 12.35% of 
variance caused by factor loadings. 
For those APIs with over 10% of variance explained by factor loadings, further 
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examination revealed that the higher the factor loadings, the greater were the values 
of AFIs expect for APGFI. The highest values of these AFIs were obtained when 
the factor loadings reached 0.9. 
6.1.1.2.2 Variance Explained by Sample Size 
When there were mediating effects at 0.1 in models, consistent with the 
criticism from researchers in the past literature, both Ax^ and /Sr^ldf were strongly 
affected by sample size, with percent variance explained by sample size reaching 
15.92% and 13.93% respectively. Compared with the results obtained under the 
condition of no mediation in models, br^ and br^ldf seem to be sensitive to sample 
size when mediating effects exist. When the sample size increases, the value of 
increases. The Likelihood Ratio Test thus becomes more powerful. Other AFIs of 
FIs based on the minimum sample discrepancy were resistant to the influence from 
sample size. 
For FIs based on the population discrepancy, only ANCP showed a substantial 
influence from sample size. It had 20.42% of its variance accounted for by sample 
size. For information-theoretic FIs, both AAIC and ACAIC had 20.66% of their 
variances attributed to the influence from sample size. 
Similar to the situation of variance explained by factor loadings, all AFIs of 
incremental FIs showed high resistance to the influence from sample size. The 
percent variance attributed ranged from 0.00% to 0.28% only. All AFIs of 
parsimony adjusted FIs were also resistant to sample size variation. 
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Among all APIs which had over 10% of variance explained by sample size, 
ACN suffered the most influence from sample size as over half of its total variance 
was accounted for by the factor. Moreover, for all these strongly affected AFIs, 
higher values were obtained when the sample size became larger. 
6.1.1.2.3 Variance Explained by Number of Items 
With mediating effects at 0.1, only APGFI showed substantial impact by the 
influence from the number of items per factor. About 17% of variance of APGFI 
could be attributed to the model complexity in terms of number of items. The more 
items per factor, the smaller was the value of APGFI. 
However, all AFIs of FIs based on the minimum sample discrepancy, FIs based 
on the population discrepancy, information-theoretic FIs, incremental FIs as well as 
AGamma hat, AMcDonald's (1989) NCI and ACN were merely slightly influenced 
by the number of items per factor. 
6.1.1.2.4 Variance Explained by 2-Way Interactions of Factor Loadings, 
Sample Size and Number of Items 
The influence from the interaction of factor loadings and sample size, the 
interaction of factor loadings and number of items per factor, and the interaction of 
number of items per factor and sample size was small on all AFIs under the condition 
of medium-sized mediating effects, ranging from 0.00% to 1.17% only. 
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Taking all the above results into consideration, all APIs of incremental FIs, 
APNFI, APCFI and AMcDonald's (1989) NCI showed the least influence from 
sample size and various model characteristics. 
6.1.2 Correlation between FIs and AFIs 
Apart from the insensitivity to sample size and model characteristic variation, 
another desirable property of AFIs for testing the significance of the mediating 
effects is that they should have small correlation with their corresponding FIs for 
overall model fit. The correlation coefficients between FIs and AFIs obtained under 
the condition of no mediation and those obtained under the condition of 
medium-sized mediating effects at 0.1 were both taken into consideration. 
Considering the large sample size in the current study, nonsignificant correlation 




Correlation between Fit Indices and Changes in Fit Indices 
Correlation Correlation 
FI coefficient coefficient 
(without (with 
mediation) mediating 
effects at 0.1) 
FIs based on the mimum sample discrepancy 
Chi-square -0.008 0.020 
Normed chi-square -0.176 -0.074 
Minimum fit function value 0.233 0.044 
Goodness-of-fit index 0.200 -0.066 
Adjusted goodness-of-fit index -0.078 -0.082 
Root mean square residual -0.025 -0.374 
Standardized root mean square residual -0.025 -0.374 
FIs based on the population discrepancy 
Noncentrality parameter -0.026 0.047 
Root mean square error of approximation -0.142 -0.210 
Information-theoretic FIs 
Akaike's information criterion -0.011 0.056 
Consistent version of Akaike's information -0.012 0.214 
criterion 
Expected cross-validation index 0.203 -0.009 
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Correlation Correlation 
FI coefficient coefficient 
(without (with 
mediation) mediating 
effects at 0.1) 
Incremental FIs 
Normed fit index 0.311 0.050 
Tucker-Lewis index -0.166 -0.046 
Comparative fit index 0.015 0.060 
Incremental fit index 0.022 -0.031 
Relative fit index -0.029 0.036 
Relative noncentrality index 0.000 -0.677 
Parsimony adjusted FIs 
Parsimonious goodness-of-fit index -0.974 -0.417 
Parsimonious normed fit index -0.514 0.015 
Parsimonious comparative fit index -0.910 -0.048 
Other absolute FIs 
Gamma hat -0.001 -0.046 
McDonald's (1989) (1989) noncentrality -0.003 -0.672 
index 
Critical N -0.210 -0.895 
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From Table 5, it can be seen that under the condition of no mediation in models, 
ANFI was strongly correlated with NFI with correlation coefficient reaching 0.311. 
This positive correlation coefficient showed that the better the model fit, the higher 
the value of ANFI. The correlation coefficient between ATLI and TLI was quite 
high at -0.166. The two parsimony adjusted FIs, APNFI and APCFI also showed 
high correlation with their corresponding FIs for overall model fit, with correlation 
coefficients reaching -0.514 and -0.910 respectively. These negative coefficients 
indicated that the better the overall model fit, the lower the values of ATLI, APNFI 
and APCFI. 
When there were medium-sized mediating effects in models, the correlation 
between ARNI and RNI was high, and so was the case between AMcDonald's (1989) 
NCI and McDonald's (1989) NCI. The former had correlation coefficient -0.677 
while the latter had -0.672. Similarly, the better the overall model fit, the lower the 
values of ARNI and AMcDonald's (1989) NCI would be obtained. 
On the contrary, ACFI, AIFI and ARFI showed little correlation with their 
corresponding FIs for overall model fit under both conditions. For ACFI, its 
correlation coefficient with CFI was 0.015 under the condition of no mediation and 
0.06 under the condition of mediating effects at 0.1, while for AIFI, the correlation 
coefficients were 0.022 and -0.031 under the two conditions respectively. Finally, 
ARFI also showed low correlation with RFI: -0.029 under the condition of no 
mediation and 0.036 under the condition of mediation. Such low correlation 
values revealed that these APIs were quite independent from the model fit of the 
original model. They were thus considered more robust in model comparison in 
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mediational analyses. 
6.2 Simulation Result Discussion 
From the percent variance explained by sample size and various model 
characteristics, it is interesting to find that all AFIs perform well in testing mediating 
effects in non-mediated models. Under the condition of lack of mediation, they are 
only slightly affected by sample size and model characteristic variation. Hence, 
they can detect any mediating effects without being affected by these factors. Their 
large values are indicative of the presence of mediating effects. However, it is not 
enough to determine which AFIs to be recommended by just taking Type I error into 
consideration. 
To consider the power of AFIs, the variance of each AFI explained by sample 
size and model characteristics under the condition of medium-sized mediating effects 
at 0.1 was examined. Unlike the case for condition of lack of mediating effects, the 
percent variances of various AFIs explained by these factors concerned are much 
larger. Consistent with the previous studies, A/^ is sensitive to sample size in 
mediational analyses when there are medium-sized mediating effects such that the 
larger the sample size, the larger is the value of A/: and the more powerful is the 
Likelihood Ratio Test. This result raises doubts on the applicability of the 
Likelihood Ratio Test to mediational analyses. On the other hand, AFIs of 
incremental FIs seem to be superior to other AFIs in testing the significance of the 
mediating effects because they are the most stable AFIs to variations in sample size 
and model characteristics. 
88 
AMcDonald's (1989) NCI was recommended by Cheung and Rensvold (2002) 
for testing measurement invariance across groups. Although AMcDonald's (1989) 
NCI is resistant to the variations in sample size and model characteristics, with small 
percent variance explained by these factors, the current findings show that 
AMcDonald's (1989) NCI strongly correlates with McDonald's (1989) NCI for 
overall model fit, when there are mediating effects in a model. Hence, the better the 
model fit, the smaller is the value of AMcDonald's (1989) NCI. Such a small value 
may not be indicative of lack of mediation but may be caused by the good model fit. 
As a result, the power of AMcDonald's (1989) NCI is undermined and Type II error 
becomes more likely. 
Although AGamma hat was also recommended by Cheung and Rensvold (2002) 
for testing measurement invariance across groups, the current study shows that 
AGamma hat is moderately sensitive to factor loadings when there are mediating 
effects in the model. The smaller the size of the factor loadings, the smaller is the 
value of AGamma hat. However, the percent variance explained by factor loadings 
was not extremely large, accounting to 12.35% only. In addition, AGamma hat was 
weakly correlated with Gamma hat for overall model fit, under both conditions of 
mediation and lack of mediation. Hence, it may be considered an acceptable 
measure for testing the significance of the mediating effects. 
Three APIs show small percent variance due to sample size and model 
characteristics, and small correlations with their corresponding FIs for overall model 
fit: ACFI, AIFI and ARFI. Because they three are of incremental FIs, they may be 
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redundant. Hence, the correlation coefficients among them were estimated. Under 
the condition of no mediation, the correlation coefficients among them ranged from 
0.79 to 0.98. Under the condition of medium-sized mediating effects, the 
correlation coefficients were all above the 0.98 level. Hence, it will be redundant to 
report all three AFIs for a significance test for mediating effects. Since ACFI was 
also recommended by Cheung and Rensvold (2002) for testing measurement 
invariance across groups, the current study also recommends the use of ACFI for 
mediational analyses. 
At an alpha level of 0.01, the mean value of ACFI is -0.0131 with a power level 
of 76.37%. At an alpha level of 0.05, the mean value is -0.0035 with a power level 
of 90.44%. If the critical value of -0.01, as suggested by Cheung and Rensvold 
(2002), is considered, the alpha level is 0.016 and the corresponding power level is 
81.37%. Since this alpha level is just slightly higher than the frequently used level 
of 0.01 while the power level is above 80% and is considered acceptable, the critical 
value of -0.01 for ACFI for mediational analyses is recommended. If ACFI is 
smaller than or equal to -0.01, or say it differently, the absolute value of ACFI is less 
than 0.01, then the null hypothesis of lack of mediating effects should not be rejected 




7.1 Testing Mediating Effects in a Model in Past Literature 
This Chapter provides a numerical example to illustrate how the proposed 
method can be used to test the significance of the mediating effects with SEM. 
In a study which examined the relationship between the perceived glass ceiling, 
perceptions of promotion fairness and attitudinal outcomes (Foley, Kidder, & Powell, 
2002), a group of 204 Hispanic law associates was surveyed and their responses to 
perceived glass ceiling (PGC), perceptions of distributive justice (DJ), intentions to 
leave (IL) and perceived career prospects (CAR) were collected. 
In the proposed model, perceived distributive justice was the hypothesized 
mediator, transmitting the influence from perceived glass ceiling to intentions to 
leave and perceived career prospects. Perceived glass ceiling was measured with 
four items (PGCl, PGC2, PGC3, PGC4), perceived distributive justice with two 
items (DJl, DJ2), intentions to leave with four items (ILl, IL2, IL3, IL4) and 
perceived career prospects with three items (CARl, CAR2, CAR3). In addition, 
three other variables, including gender, perceived ethnic discrimination and 
proportion of Hispanic associates, were included and were proposed to affect 

































































































































































































































































































































In the original model, the coefficient of the direct structural path from perceived 
glass ceiling to intentions to leave was 0.20 (p < 0.05) when the mediator was 
excluded. Once the mediator was included in the model, the direct path coefficient 
dropped to 0.11 (p> 0.05). Similarly, without the mediator the structural path 
coefficient from perceived glass ceiling to perceived career prospects was -0.61 (p < 
0.001) but it reduced to -0.25 (p > 0.05) after the mediator was included. 
Unfortunately, the significance of the mediating effects was not tested. As 
discussed in Chapter II, if the change in the j^-value of the coefficient from the 
independent variable to the dependent variable after the mediator was included was 
concerned, a conclusion of mediation would be reached. Hence, the study 
concluded that perceived distributive justice did act as a mediator in both 
relationships. 
To test the significance of the mediating effects with the proposed method, 
intentions to leave and perceived career prospects were considered in two separate 
models: one with perceived glass ceiling, perceived distributive justice and intentions 
to leave; the other with perceived glass ceiling, perceived distributive justice and 
perceived career prospects. 
In the first model with intentions to leave as the dependent variable, a 
measurement model was first developed using the correlation matrix extracted from 
the one in the original study. The syntax of this unconstrained model is presented in 
Appendix IV. The model was then tested with LISREL 8.30 (Joreskog and Sorbom, 
1999) and the model fit indices were: / = 144.3723 with df= 32, CFI = 0.9098. To 
develop a constrained model, a constraint 023 - ^ u ^ n was then added to the 
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measurement model of which the syntax is presented in Appendix V. The model fit 
of this constrained model was assessed, giving = 155.7817 with df= 33, CFI = 
0.9015. Since ACFI = -0.0083 which was smaller in value than the suggested 
critical value of -0.01, the mediating effects by perceived distributive justice between 
perceived glass ceiling and intentions to leave were considered nonsignificant at an 
alpha level of 0.016. 
Similarly, in a model with perceived career prospects as the dependent variable, 
a measurement model was developed and its syntax is in Appendix VL The model 
fit indices of this measurement model were: ? = 108.7352 with df= 24, CFI = 
0.9365. Again, the constraint 023 也2 was added to the measurement model to 
give a constrained model. The syntax can be found in Appendix VII. The 
constrained model gave fit indices: / = 121.7916 with df= 25, CFI = 0.9275. With 
ACFI = -0.009 which was also smaller in value than the critical value of-0.01 at an 
alpha level of 0.016, it was thus concluded that the mediating effects by perceived 
distributive justice between perceived glass ceiling and perceived career prospects 
were nonsignificant. 
7.2 Summary 
By using the method proposed in Chapter III and the recommended critical 
value of ACFI in Chapter VI，the significance of the mediating effects in a model 
developed in the past literature was tested. A measurement model was firstly 
developed and the model fit was assessed. Then the constraint 023 =中u伞12 was 
added to the measurement model, resulting in a constrained model whose model fit 
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was compared with that from the unconstrained model. In the original study, based 
on the change in the j^-value of the regression coefficient of the independent variable 
on the dependent variable when the mediator was included, a conclusion of 
mediation was drawn. Unfortunately, the proposed method showed that ACFI was 
smaller in value than the critical value of -0.01 at an alpha level of 0.016. Hence, 
the mediating effects were indeed nonsignificant. This numerical example result 
reiterates that by relying on criteria other than the results from a significance test of 
mediating effects, researchers cannot examine the significance of mediating effects 





The current study contributes in several aspects. First, it provides a 
comprehensive review of the recent studies with mediational analyses. This review 
provides an overview of the advantages and disadvantages of three most commonly 
used approaches to mediational analyses: the correlation approach, the hierarchical 
regression approach and the SEM approach. 
The correlation approach was used for mediational analyses in the 70，s and 
early 80’s. Zero-order correlation coefficient between the independent variable Xi 
and the dependent variable Y, and that between the hypothesized mediator X2 and Y 
are first estimated. If both correlation coefficients are significant and if the partial 
correlation between X； and 7 with the effects of JG on 7partialed out becomes 
nonsignificant, X2 is concluded to be a mediator. However, owing to its failure to 
test the significance of the mediating effects, the correlation approach has been 
replaced by the hierarchical regression approach. 
Four conditions (Baron and Kenny, 1986) are necessary to determine whether 
X2 mediates the effects from X； to Y. First, a significant regression coefficient of Xi 
on X2 is necessary. Second, a significant regression coefficient of X； on Y is 
necessary. Third, when the effects of Xi on Y are partialed out, the regression 
coefficient of X2 on Y is significant. Fourth, the regression coefficient of Xi on Y in 
the third model should be significantly smaller in value than that obtained in the first 
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model. The hierarchical regression approach has advantages over the correlation 
approach in that it allows researchers to estimate and test the significance of the 
mediating effects. The mediating effects are operationalized as PYI - PYI.2 (Baron 
and Kenny, 1986) or (hi pYi.i (Kenny, Kashy, & Bolger, 1998). 
Recently, SEM has been an alternative to the hierarchical regression approach to 
mediational analyses. The SEM approach allows for the estimation of measurement 
errors as well as the use of latent variables. A fully mediated model, a partially 
mediated model and a non-mediated model are developed and their model fit, as 
represented by ^ values, is compared in the Likelihood Ratio Test. However, these 
comparisons are merely tests for the significance of structural paths. 
Also, this review discovers that among the mediational analyses which 
employed the hierarchical regression approach, the mediating effects or the amount 
of mediation could be minimal or even close to zero. What's more, most studies 
failed to test the significance of mediation when full or partial mediation was 
concluded, resulting in the negligence of a critical consideration of mediation. 
Sometimes, seeing that Xi has a significant relationship with the hypothesized 
mediator X2 (p < 0.05) and that JG has a significant relationship with Y{p < 0.05)， 
researchers may draw a conclusion that X； has significant effects through X2 on Y. 
However, it should be reminded that the significance of the mediating effects is a 
multiplication, instead of a summation, of the significance of the relationships 
between Xi and X2, and between X2 and Y. The significance tests of path from Xi to 
X2 and that from JG to Fare a demonstration of a path model which represents an 
incomplete examination of mediational model. 
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Moreover, as previously illustrated, in some past studies which did conduct a 
statistical test for the significance of mediating effects, although the regression 
coefficient ofXi on 7 reduced in value or the /^-value of this regression coefficient 
showed a reduction when the mediator X2 was included in the model, the mediating 
effects were not significant at all. This should alert researchers that concluding 
mediation, no matter partial or full mediation, without testing the significance of 
mediating effects may be risky and inaccurate conclusion may be drawn. 
The second contribution of the current study is that it has identified problems of 
and suggested solutions to the SEM approach to mediational analyses. Two major 
problems are identified. The first problem is that the SEM approach fails to test the 
significance of the amount of mediation which is operationalized as yuP2i or 
- y g ) in Figure 5. Although the SEM approach allows for the estimation of 
yjiP2h unfortunately, unlike the regression approach which has at least 14 measures 
across various disciplines to test the significance of the amount of mediation 
(MacKinnon, Lockwood, Hoffman, West, and Sheets, 2002), the SEM approach does 
not support such test. With its standard error unable to be estimated, yuP2i cannot 
be tested for its significance. In addition, because the value of y^f 一 YiV cannot 
be directly estimated in one single model, its significance cannot be tested. Perhaps 
because researchers have been paying little attention to the importance of testing the 
significance of the mediating effects, they are not aware of this shortcoming of the 
SEM approach. 
Another problem of the SEM approach relates to the use of Likelihood Ratio 
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Test. The ；^ statistic has long been criticized as sensitive to sample size (Brannick, 
1995), so has been the Likelihood Ratio Test in which A/^ is concerned. With large 
sample size, even trivial discrepancy between the model fit of the constrained and 
unconstrained model may lead to a significant result, resulting in the preference to 
the unconstrained model. This criticism has received support in model comparison 
in testing measurement invariance across groups (Cheung and Rensvold, 2002). 
Since Likelihood Ratio Test is currently employed for model comparison in 
mediational analyses, its sensitivity to sample size remains a problem. If such 
sensitivity exists, under a condition of large sample size, even trivial mediating 
effects may lead to the rejection of the constrained model, concluding the existence 
of significant mediating effects. 
Solutions to the two underlying problems in the SEM approach as 
aforementioned are proposed in the current study. First, based on the possible types 
of relationship among variables in a three-variable model, the study proposes a 
constraint (023 = 伞u ) be added to the measurement model to test the null 
hypothesis of no mediation. The comparison between the model fit of the 
constrained model and that of the unconstrained model constitutes to be a direct test 
for the significance of mediating effects in the model. As a result, when latent 
variables are involved, researchers can choose SEM instead of hierarchical 
regression models for mediational analyses. 
Second, the study examines the sensitivity of A/^ as well as various AFIs to 
sample size and various model characteristics in the mediational analysis proposed. 
All AFIs are robust to sample size and model characteristic variation when there are 
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no mediating effects in models. However, similar to the criticism from previous 
studies, under the condition of medium-sized mediating effects, A/^ is found to be 
sensitive to sample size in model comparison. Hence, it demonstrates that 
Likelihood Ratio Test may not be an appropriate statistical tool for model 
comparison in mediational analyses because its power increases with sample size. 
Also, some AFIs have a large proportion of variance explained by factor loadings and 
number of items per factor. Yet some AFIs demonstrate a strong correlation with 
their corresponding FIs for overall model fit. All these factors render these AFIs 
unfavorable for model comparison in mediational analyses. Taking all these results 
into consideration help increase the comprehensiveness of AFIs recommended. 
Therefore, AFIs which are relatively robust to sample size and model characteristics 
and demonstrate low correlation with FIs for overall model fit are identified. The 
current study recommends ACFI for testing the significance of the mediating effects. 
At an alpha level of 0.01, the critical value is -0.0131 with a power level of 76.37%. 
At an alpha level of 0.05, the critical value is -0.0035 with a power level of 90.44%. 
The third contribution of this study is that it extends the evaluation of AFIs from 
measurement invariance across groups to testing constraints within single group. In 
a simulation study by Cheung and Rensvold (2002)，AFIs were investigated for their 
robustness in testing measurement invariance across two groups. Taking 
combinations of number of factors, factor variance, correlations of factors, number of 
items per factor, factor loadings and sample size into consideration, ACFI was 
proposed for use in their study. A critical value of -0.01 was recommended at an 
alpha level of 0.01 with the null hypothesis of invariance. Therefore, ACFI is 
recommended in both the simulation study by Cheung and Rensvold (2002) and the 
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current study. If the critical value of -0.01 from Cheung and Rensvold's (2002) 
study is adopted here, a power of 81.37%, which is considered acceptable, can be 
obtained. It is thus suggested that -0.01 be taken as the critical value of ACFI in 
both test for measurement invariance across groups and testing constraints within 
single group. Considering that various numbers of constraints were added to 
models in Cheung and Rensvold's (2002) study, there is some confidence to say that 
the recommended critical value of ACFI in both studies may not be subject to the 
influence from the number of constraints. This suggests that ACFI of critical value 
-0.01 may be generalized to different situations of nested model comparison. 
Finally, by raising the criticalness of testing the significance of the mediating 
effects and suggesting ways to test the significance of the mediating effects with 
SEM, the current study contributes by offering methods to accumulate knowledge. 
Without a proper significance test for mediating effects in the SEM approach, the 
past studies fail to offer useful information about the range of mediating effects 
which are tested to be significant. Hence, researchers may find it difficult to 
determine the size of mediating effects, say, small, medium and large. With the 
suggestion offered in the current study, researchers can estimate the mediating effects 
and test the significance of the mediating effects with SEM accordingly. This 
allows the effect size of mediating effects to be investigated and determined in the 
future. 
8.1 Limitations and Directions for Future Research 
The major limitation in the current study is that a model with one independent 
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variable, one mediator and one dependent variable was examined. Hence, only one 
constraint was added to the model, giving a change in degrees of freedom equal to 
one. Since SEM can examine several dependence relationships simultaneously 
(Shook, Ketchen, Hult, & Kacmar，2004)，mediational models are very often 
complicated, with more than one independent variable, one mediator and one 
dependent variable (e.g. Roberson, Moye, & Locke, 1999; Seibert, Kraimer, & Liden, 
2001). Although this study together with the study by Cheung and Rensvold (2002) 
gives some evidence to the generalizability of ACFI across studies of different nested 
model comparison, a further study in which a more complicated mediational model 
with more than one constraint added is examined is warranted, which allows the 
investigation of the effects of the number of constraints on AFIs. 
Also, only one level of mediating effects (medium level of 0.1) was considered 
in this study. This level of mediating effects was obtained from a review of recent 
studies, from January 2000 to October 2003, which conducted mediational analyses 
with the hierarchical regression approach. The critical values of AFIs suggested at 
alpha levels of 0.01 and 0.05 are therefore for testing the significance of mediating 
effects of a particular level of mediation. As from Table 1, it can be seen that the 
amount of mediation in previous studies spread over a large range of values. It is 
therefore necessary to further investigate whether the evaluation results of AFIs are 
similar at various levels of mediation, say, a lower level of mediation and a higher 
level of mediation. Also, it is necessary to examine whether the same critical 
values of the recommended AFI can be applied at different levels of mediating 
effects. 
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Only one estimation method - maximum likelihood - was used for simulation in 
this study. There are other estimation methods like generalized least square, 
weighted least square and asymptotic distribution-free in SEM. Past simulation 
results showed that FIs had different levels of sensitivity towards model 
misspeciflcation and model characteristics when different estimation methods were 
used (Hu and Bentler, 1998). Therefore, evaluation of APIs in testing measurement 
invariance across groups and testing constraints within single group may be extended 
from maximum likelihood estimation method to other estimation methods. 
One assumption underlying the simulation in the current study was multivariate 
normal distribution of populations generated. When this assumption is violated, the 
performance of FIs may be different, as evidenced in some past studies (Hu and 
Bentler, 1998). The effect of violation of multivariate normality on APIs in 
mediational analyses may warrant some future studies. 
Finally, although the current study examines the performance of 24 APIs in 
testing mediating effects, some FIs which are available in SEM may not be included. 
For instance, in Cheung & Rensvold's (2002) simulation, Browne and Cudeck 
Criterion (1989), the rescaled version of AIC (Cudeck & Browne, 1983) and 
Cross-validation Index (Browne and Cudeck, 1989) were included but these three FIs 
were not examined in this study because they were not included in the output of 
LISREL 8.30 (Joreskorg and Sorbom, 1999). Hence, it is possible that the APIs of 
some other FIs which were not included in the current study may also perform well 




Syntax for Testing the Significance of Mediating Effects (Unconstrained Model) 




IV1 IV2 IV3 IV4 Ml M2 M3 M4 DVl DV2 DV3 DV4 
CM=FILE.COV 
MO NX=12 NK=3 LX=FI TD=FR PH=FR 
FR LX 1 1 LX 2 1 LX 3 1 LX 4 1 
FR LX 5 2 LX 6 2 LX 7 2 LX 8 2 
FR LX 9 3 LX 10 3 LX 11 3 LX 12 3 
LK 
I V M D V 
PD 
OU ND=4 AD=OFF 
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APPENDIX II 
Syntax for Testing the Significance of Mediating Effects (Constrained Model) 
！TESTING THE SIGNIFICANCE OF MEDIATING EFFECTS 
！ CONSTRAINED MODEL 
DANI=12NO=200 
LA 
IV1 IV2 IV3 IV4 Ml M2 M3 M4 DVl DV2 DV3 DV4 
CM=FILE.COV 
MO NX=12 NK二3 LX=FI TD=FR PH=FR 
FR LX 1 1 LX 2 1 LX 3 1 LX 4 1 
FR LX 5 2 LX 6 2 LX 7 2 LX 8 2 
FR LX 9 3 LX 10 3 LX 11 3 LX 12 3 
CO PH2 3=PH 1 3*PH 1 2 
LK 
I V M D V 
PD 
OU ND=4 AD=OF 
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APPENDIX III 
Syntax for Testing Full Mediation 




IV1 IV2 IV3 IV4 Ml M2 M3 M4 DVl DV2 DV3 DV4 
CM=FILE.COV 
MO NX=12 NK=3 LX=FI TD二FR PH=FR 
FR LX 1 1 LX 2 1 LX 3 1 LX 4 1 
FR LX 5 2 LX 6 2 LX 7 2 LX 8 2 
FR LX 9 3 LX 10 3 LX 11 3 LX 12 3 




OU ND=4 AD=OF 
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APPENDIX VI 
Syntax for Testing Mediating Effects in Model by Foley, Kidder & Powell (2002) 
(DV: Perceived Career Prospects) (Unconstrained Model) 
！ TESTING MEDIATING EFFECTS IN MODEL DEVELOPED BY FOLEY, 
KIDDER & POWELL (2002) 
！DV - INTENTIONS TO LEAVE 
！ UNCONSTRAINED MODEL 
DANI=10NO=204 
LA 




0.59 0.59 1 
0.63 0.61 0.79 1 
-0.46 -0.43 -0.56 -0.66 1 
-0.50 -0.53 -0.62 -0.69 0.77 1 
0.26 0.25 0.35 0.38 -037 -0.39 1 
0.27 0.32 0.18 0.30 -0.31 -0.32 0.49 1 
0.33 0.35 0.30 0.38 -0.39 -0.41 0.44 0.71 1 
0.45 0.39 0.45 0.49 -0.52 -0.54 0.62 0.53 0.56 1 
SD 
1.50 1.51 1.52 1.50 1.23 1.22 1.51 1.32 1.32 1.51 
MO NX=10 NK=3 LX=FI TD=FR PH=FR 
F R L X l 1LX2 1LX3 1LX4 1 
FR LX 5 2 LX 6 2 
FR LX 7 3 LX 8 3 LX 9 3 LX 10 3 
LK 
PGC DJ IL 
PD 
OU ND=4 AD二OFF 
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Syntax for Testing Mediating Effects in Model by Foley, Kidder & Powell (2002) 
(DV: Perceived Career Prospects) (Unconstrained Model) 
！ TESTING MEDIATING EFFECTS IN MODEL DEVELOPED BY FOLEY, 
KIDDER & POWELL (2002) 








0. 59 0.59 1 
0.63 0.61 0.79 1 
-0.46 -0.43 -0.56 -0.66 1 
-0.50 -0.53 -0.62 -0.69 0.77 1 
0.26 0.25 0.35 0.38 -0.37 -0.39 1 
0.27 0.32 0.18 0.30 -0.331 -0.32 0.49 1 
0.33 0.35 0.30 0.38 -0.39 -0.41 0.44 0.71 1 
0.45 0.39 0.45 0.49 -0.52 -0.54 0.62 0.53 0.56 1 
SD 
1.50 1.51 1.52 1.50 1.23 1.22 1.51 1.32 1.32 1.51 
MO NX=10 NK=3 LX=FI TD=FR PH=FR 
FR LX 1 1 LX 2 1 LX 3 1 LX 4 1 
FR LX 5 2 LX 6 2 
FR LX 7 3 LX 8 3 LX 9 3 LX 10 3 
CO PH 2 3=PH 1 3*PH 1 2 
LK 
PGC DJ IL 
PD 
OU ND=4 AD=OFF 
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Syntax for Testing Mediating Effects in Model by Foley, Kidder & Powell (2002) 
(DV: Perceived Career Prospects) (Unconstrained Model) 
！ TESTING MEDIATING EFFECTS IN MODEL DEVELOPED BY FOLEY, 
KIDDER & POWELL (2002) 
！DV - PERCEIVED CAREER PROSPECTS 
！UNCONSTRAINED MODEL 
DA NI=9 N0=204 
LA 




0.59 0.59 1 
0.63 0.61 0.79 1 
-0.46 -0.43 -0.56 -0.66 1 
-0.50 -0.53 -0.62 -0.69 0.77 1 
-0.31 -0.39 -0.45 -0.53 0.53 0.54 1 
-0.41 -0.46 -0.55 -0.61 0.58 0.57 0.79 1 
-0.22 -0.31 -0.32 -0.36 0.37 0.39 0.77 0.71 1 
SD 
1.50 1.51 1.52 1.50 1.23 1.22 1.18 1.40 1.22 
MO NX=9 NK=3 LX=FI TD=FR PH=FR 
FR LX 1 1 LX 2 1 LX 3 1 LX 4 1 
FR LX 5 2 LX 6 2 
FR LX 7 3 LX 8 3 LX 9 3 
LK 
PGC DJ CAR 
PD 
OU ND二4 AD=OFF 
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Syntax for Testing Mediating Effects in Model by Foley, Kidder & Powell (2002) 
(DV: Perceived Career Prospects) (Unconstrained Model) 
！ TESTING MEDIATING EFFECTS IN MODEL DEVELOPED BY FOLEY, 
KIDDER & POWELL (2002) 
！DV - PERCEIVED CAREER PROSPECTS 
！ CONSTRAINED MODEL 
DANI=9 N0=204 
LA 




0.59 0.59 1 
0.63 0.61 0.79 1 
-0.46 -0.43 -0.56 -0.66 1 
-0.50 -0.53 -0.62 -0.69 0.77 1 
-0.31 -0.39 -0.45 -0.53 0.53 0.54 1 
-0.41 -0.46 -0.55 -0.61 0.58 0.57 0.79 1 
-0.22 -0.31 -0.32 -0.36 0.37 0.39 0.77 0.71 1 
SD 
1.50 1.51 1.52 1.50 1.23 1.22 1.18 1.40 1.22 
MO NX=9 NK=3 LX=FI TD=FR PH=FR 
FR L X l 1 L X 2 1LX3 1LX4 1 
F R L X 5 2 L X 6 2 
FR LX 7 3 LX 8 3 LX 9 3 
CO PH 2 3=PH 1 3*PH 1 2 
LK 
PGC DJ CAR 
PD 
OUND 二 4AD=0FF 
110 
REFERENCES 
Anderson, J.C. & Gerbing, D.W. 1984. The effect of sampling error on convergence, 
improper solutions, and goodness-of-fit indices for maximum likelihood 
confirmatory factor analysis. Psychometrika, 49: 155-173. 
Akaike, H. 1987. Factor analysis and AIC. Psychometrika, 52: 317-332. 
Arbuckle, J丄.& Wothke, W. \999.Amos 4.0 user's guide. Chicago: SmallWaters. 
Aryee, S., & Chay, Y.W. 2001. Workplace justice, citizenship behavior, and turnover 
intentions in a union context: Examining the mediating role of perceived union 
support and union instrumentality. Journal of Applied Psychology, 86: 154-160. 
Atuahene-Gima, K. 2003. The effects of centriftigal and centripetal forces on product 
development speed and quality: How does problem solving mdi\\.Qxl Academy of 
Management Journal, 46: 359-373. 
Baron, R.M., & Kenny，D.A. 1986. The moderator-mediator variable distinction in 
social psychological research: Conceptual, strategic, and statistical considerations. 
Journal of Personality and Social Psychology, 51: 1173-1182. 
Barrick, J.A., & Spilker, B.C. 2003. The relations between knowledge, search 
strategy, and performance in unaided and aided information search. 
Organizational Behavior and Human Decision Processes, 90: 1-18. 
Rentier, P.M. 1990. Comparative fit indexes in structural models. Psychological 
Bulletin, 107: 238-246. 
Bentler，P.M. 1995. EQS structural equations program manual. Encino, CA: 
Multivariate Software. 
Bentler, P.M., & Bonett, D.G. 1980. Significance tests and goodness of fit in the 
analysis of covariance structures. Psychological Bulletin, 88: 588-606. 
Bollen, K.A. 1986. Sample size and Bentler and Bonett's nonnormed fit index. 
Psychometrika, 51: 375-377. 
Bollen, K.A. 1989a. A new incremental fit index for general structural equation 
models. Sociological Methods and Research, 17: 303-316. 
Bollen, K.A. 1989b. Structural equations with latent variables. New York: Wiley. 
Bozdogan, H. 1987. Model selection and Akaike's information criteria (AIC): The 
general theory and its analytical extensions. Psychometrika, 52: 345-370. 
Braimick, M.T. 1995. Critical comments on applying covariance structure modeling. 
I l l 
Journal of Organizaitonal Behavior, 16: 201-213. 
Brown, S.P., Ganesan, S., & Challagalla, G. 2001. Self-efficacy as a moderator of 
information-seeking effectiveness. Journal of Applied Psychology, 86: 
1043-1051. 
Browne, M.W., & Cudeck, R. 1993. Alternative ways of assessing model fit. In 
K.A. Bollen & J.S. Long (Eds.), Testing structural equations models: 136-162. 
Newbury Park, CA: Sage. 
Chatman, J. A., & Flynn, F.J. 2001. The influence of demographic heterogeneity on 
the emergence and consequences of cooperative norms in work teams. Academy 
of Management Journal, 44: 956-974. 
Cheloha, R.S.，& Fair, J.L. 1980. Absenteeism, job involvement, and job satisfaction 
in an organizational setting. Journal of Applied Psychology, 65: 467-473. 
Cheung, G.W., & Rensvold, R.B. 2002. Evaluating goodness-of-fit indexes for 
testing measurement invariance. Structural Equation Modeling, 9: 233-255. 
Cohen, P., Cohen, J., West, S.G., & Aiken, L.S. 2003. Applied multiple regression: 
Correlation analysis for the behavioral science. Mahwah, NJ. : L.Erlbaum 
Associates. 
Collins, C.J., & Stevens, C.K. 2002. The relationship between early 
recruitment-related activities and the application decisions of new labor-market 
entrants: A brand equity approach to recruitment. Journal of Applied Psychology, 
87: 1121-1133. 
Colquitt, J.A., Hollenbeck, J.R。，Ilgen, D.R., LePine, J.A., & Sheppard, L. 2002. 
Computer-assisted communication and team decision-making performance: The 
moderating effect of openness to experience. Journal of Applied Psychology, 87: 
402-410. 
Day, E.A., Arthur, W., Jr., & Gettman, D. 2001. Knowledge structures and the 
acquisition of a complex skill. Journal of Applied Psychology, 86: 1022-1033. 
Debowski, S.，Wood，R.E., & Bandura, A. 2001. Impact of guided exploration and 
enactive exploration on self-regulatory mechanisms and information acquisition 
through electronic search. Journal of Applied Psychology, 86: 1129-1141. 
Foley, S., Kidder, D 丄 .， & Powell, G.N. 2002. The perceived glass ceiling and justice 
perceptions: An investigation of Hispanic law associates. Journal of 
Management, 28: 471-496. 
112 
Goldman, B.M. 2003. The application of referent cognitions theory to legal-claiming 
by terminated workers: The role of organizational justice and anger. Journal of 
Management, 29: 705-728. 
Griffith, K.M. & Hebl, M.R. 2002. The disclosure dilemma for gay men and lesbians: 
“Coming out" at work. Journal of Applied Psychology, 87: 1191-1199. 
Harrison, D.A., Price, K.H., Gavin, J.H., & Florey, A.T. 2002. Time, teams, and task 
performance: Changing effects of surface- and deep-level diversity on group 
functioning. Academy of Management, 45: 1029-1045. 
Hoelter, J.W. 1983. The analysis of covariance structures: Goodness-of-fit indices. 
Sociological Methods and Research, 11: 325-344. 
Holmbeck, G.N. 1997. Toward terminological, conceptual, and statistical clarity in 
the study of mediators and moderators: Examples from the child-clinical and 
pediatric psychology literatures. Journal of Consulting and clinical psychology, 
65: 599-610. 
Horn, RW., Katerberg, Jr. R., & Hulin, C.L. 1979. Comparative examination of three 
approaches to the prediction of turnover. Journal of Applied Psychology, 64: 
280-290. 
Hoyle, R.H., & Smith, G.T. 1994. Formulating clinical research hypotheses as 
structural equation models: A conceptual overview. Journal of consulting and 
clinical psychology, 62: 429-440. 
Hu, L. & Bentler, P.M. 1998. Fit indices in covariance structure modeling: Sensitivity 
to underparameterized model misspecification. Psychological Methods, 3: 
424-453. 
James, L.R., & Brett, J.M. 1984. Mediators, moderators, and tests for mediation. 
Journal of Applied Psychology, 69: 307-321. 
James, L.R., Mulaik, S.A., & Brett, J.M. 1982. Causal analysis: Assumptions, 
models and data. Beverly Hills: Sage. 
Johnson, D.E., Erez，A., Kiker, D.S., & Motowidlo, S.J. 2002. Liking and 
attributions of motives as mediators of the relationships between individuals' 
reputations, helpful behaviors, and raters' reward decisions. Journal of Applied 
Psychology, 87: 808-915. 
Jonas, E., & Frey, D. 2003. Information search and presentation in advisor-client 
interactions. Organizational Behavior and Human Decision Processes, 91: 
154-168. 
113 
Joreskog, K.G. & S6rbom，D. 1984. LISREL VI user's guide (3rd ed.). Mooresville, 
IN: Scientific Software. 
Joreskog, K.G. & S(3rbom, D. 1999. LISREL (Version 8.30) [Computer software]. 
Lincolnwood，IL: Scientific Software International. 
Kark, R., Shamir, B., & Chen, G. 2003. The two faces of transformational leadership: 
Empowerment and dependency. Journal of Applied Psychology, 88: 246-255. 
Kelloway, E.K. 1995. Structural equation modelling in perspective. Journal of 
Organizational Behavior, 16: 215-224. 
Kelloway, E.K. 1998. Using LISREL for structural equation modeling: A 
researcher，s guide. Thousand Oaks, CA: Sage. 
Kenny, D.A., Kashy, D.A., & Bolger, N. 1998. Data analysis in social psychology. In 
the Handbook of Social Psychology Volume 1 by Gilbert, D.T., Fiske, S.T. & 
Lindzey, G. (Eds.). McGraw-Hill, MA: Boston. 
Kirkman, B.L., & Shapiro, D.L. 2001. The impact of cultural values on job 
satisfaction and organizational commitment in self-managing work teams: The 
mediating role of employee resistance. Academy of Management Journal, 44: 
557-569. 
Knight, D., Durham, C.C., & Locke, E.A. 2001. The relationship of team goals, 
incentives, and efficacy to strategic risk, tactical implementation, and 
performance. Academy of Management Journal, 44: 326-338. 
Koehler, J J . , & Gershoff, A.D. 2003. Betrayal aversion: When agents of protection 
become agents of harm. Organizational Behavior and Human Decision 
Processes, 90: 244-261. 
Korsgaard, M.A., Brodt, S.E., & Whitener, E.M. 2002. Trust in the face of conflict: 
The role of managerial trustworthy behavior and organizational context. Journal 
of Applied Psychology, 87: 312-319. 
Kray, L.J., & Galinsky, A.D. 2003. The debiasing effect of counterfactual mind-sets: 
Increasing the search for disconfirmatory information in group decisions. 
Organizational Behavior and Human Decision Processes, 91: 69-91 
Kristof-Brown, A.L. & Stevens，C.K. 2001. Goal congruence in project teams: Does 
the fit between member's personal mastery and performance goals matter? 
Journal of Applied Psychology, 86: 1083-1095. 
Lane, P.J., Salk, J.E., & Lyles, M.A. 2001. Absorptive capacity, learning, and 
performance in international joint ventures. Strategic Management Journal, 22: 
114 
1139-1161. 
Lankau, MJ. , & Scandura, T.A. 2002. An investigation of personal learning in 
mentoring relationships: Content, antecedents, and consequences. Academy of 
Management Journal, 45: 779-790. 
Lester, S.W., Meglino, B.M., & Korsgaard, M.A. 2002. The antecedents and 
consequences of group potency: A longitudinal investigation of newly formed 
work groups. Academy of Management Journal, 45: 352-368. 
LePine, J. A. 2003. Team adaptation and postchange performance: Effects of team 
composition in terms of members' cognitive ability and personality. Journal of 
Applied Psychology, 88: 27-39. 
Lovelace, K., Shapiro D 丄 . ， & Weingart, L.R. 2001. Maximizing cross-fimctional 
new product teams' innovativeness and constraint adherence: A conflict 
communications perspective. Academy of Management Journal, 44: 779-793. 
MacKinnon, D.R, Lockwood, C.M., Hoffman, J.M., West, S.G., & Sheets, V. 2002. 
A comparison of methods to test mediation and other intervening variable effects. 
Psychological Methods, 7: 83-104. 
Marks, M.A” Sabella, MJ. , Burke, C.S., & Zaccaro, S.J. 2002. The impact of 
cross-training on team effectiveness. Journal of Applied Psychology, 87: 3-13. 
McAllister, DJ., & Bigley, G.A. 2002. Work context and the definition of self: How 
organizational care influences organization-based self-esteem. Academy of 
Management Journal, 45: 894-904. 
McDonald, R.R 1989. An index of goodness-of-fit based on noncentrality. Journal 
of Classification, 6: 97-103. 
McDonald, R.R, & Marsh, H.W. 1990. Choosing a multivariate model: Noncentrality 
and goodness of fit. Psychological Bulletin, 107: 247-255. 
Mulaik, S.A., James, L.R., Van Alstine, J., Bonnett, N” Lind, S., & Stillwell, C.D. 
1989. An evaluation of goodness of fit indices for structural equation models. 
Psychological Bulletin, 105: 430-445. 
Naquin, C.E. 2003. The agony of opportunity in negotiation: Number of negotiable 
issues, counterfactual thinking, and feelings of satisfaction. Organizational 
Behavior and Human Decision Processes, 91: 97-107. 
Offermann, L.R., & Malamut, A.B. 2002. When leaders harass: The impact of target 
perceptions of organizational leadership and climate on harassment reporting and 
outcomes. Journal of Applied Psychology, 87: 885-893. 
115 
Phillips, J.M., Douthitt, E.A., & Hyland, M.M. 2001. The role of justice in team 
member satisfaction with the leader and attachment to the team. Journal of 
Applied Psychology, 86: 316-325. 
Roberson, L., & Alsua, C.J. 2002. Moderating effects of goal orientation on the 
negative consequences of gender-based preferential selection. Organizational 
Behavior and Human Decision Processes, 87: 103-135. 
Roberson, Q.M., Moye, N.A., & Locke，E.A. 1999. Identifying a missing link 
between participation and satisfaction: the mediating role of procedural justice 
perceptions. Journal of Applied Psychology, 84: 585-583. 
Schaubroeck, J., & Lam，S.S.K. 2002. How similarity to peers and supervisor 
influences organizational advancement in different cultures. Academy of 
Management Journal, 45: 1120-1136. 
Schulz-Hardt, S., Jochims, M., & Frey, D. 2002. Productive conflict in group 
decision making: Genuine and contrived dissent as strategies to counteract biased 
information seeking. Organizational Behavior and Human Decision Processes, 
88: 563-586. 
Seibert, S.E., Kraimer, ML. , & Crant, J.M., & 2001. What do proactive people do? 
A longitudinal model linking proactive personality and career success. Personnel 
Psychology, 54: 845-874 
Seibert, S.E., Kraimer, ML. , & Liden, R.C. 2001. A social capital theory of career 
success. Academy of Management Journal, 44: 219-237. 
Shook, CL., Ketchen, Jr., D.J., Hult, T.M., & Kacmar, K.M. 2004. An assessment of 
the use of structural equation modeling in strategic management research. 
Strategic Management Journal, 25: 397-404, 
Sobel, M.E. 1982. Asymptotic confidence intervals for indirect effects in structural 
equation models. In S. Leinhart (Ed.), Sociological methodology 1982: 290-312. 
San Francisco: Jossey-Bass. 
Steiger, J.H. 1989. EzPATH: Causal modeling. Evanston, IL: SYSTAT. 
Steiger, J.H., Shapiro, A., & Browne，M.W. 1985. On the multivariate asymptotic 
distribution of sequential chi-square statistics. Psychometrika, 50: 253-263. 
Sue-Chan, C., & Ong, M. 2002. Goal assignment and performance: Assessing the 
mediating roles of goal commitment and self-efficacy and the moderating role of 
power distance. Organizational Behavior and Human Decision Processes, 89: 
1140-1161. 
116 
Tanaka，J.S., & Huba, G.J. 1984. Confirmatory hierarchical factor analyses of 
psychological distress measures. Journal of Personality and Social Psychology, 
46: 621-635. 
Tepper, B.J., & Taylor, E.G. 2003. Relationships among supervisors' and 
subordinates' procedural, justice perceptions and organizational citizenship 
behaviors. Academy of Management Journal, 46: 97-105. 
Tinsley, C.H. 2001. How negotiators get to yes: Predicting the constellation of 
strategies used across cultures to negotiate conflict. Journal of Applied 
Psychology, 86: 583-593. 
Tonidandel, S., Quinones, M.A., & Adams, A.A. 2002. Computer-adaptive testing: 
The impact of test characteristics on perceived performance and test takers' 
reactions. Journal of Applied Psychology, 87: 320-332. 
Tucker, L.R., & Lewis, C. 1973. A reliability coefficient for maximum likelihood 
factor analysis. Psychometrika, 38: 1-10. 
Vanderberg, R.J., & Lance, C.E. 2000. A review and synthesis of the measurement 
invariance literature: Suggestions, practices, and recommendations for 
organizational research. Organizational Research Methods, 3: 4-69. 
Wade-Benzoni, K.A” Okumura, T., Brett, J.A., Moore, D.A., Tenbmnsel，A.E., & 
Bazerman, M.H. 2002. Cognitions and behavior in asymmetric social dilemmas: 
A comparison of two cultures. Journal of Applied Psychology, 87: 87-95. 
Wanberg, C.R., Hough, L.M.，& Song, Z. 2002. Predictive validity of a 
multidisciplinary model of reemployment success. Journal of Applied 
Psychology, 87: 1100-1120. 
Whitener, E.M. 2001. Do "high commitment" human resource practices affect 
employee commitment? A cross-level analysis using hierarchical linear modeling. 
Journal of Management. 515-535. 
Williams, L.J., Edwards, J.R., & Vandenberg, R.J. 2003. Recent advances in causal 
modeling methods for organizational and management research. Journal of 
Management, 29: 903-936. 
Zellars, ICL., Tepper, B.J.，& Duffy, M.K. 2002. Abusive supervision and 
subordinates' organizational citizenship behavior. Journal of Applied 
Psychology, 87: 1068-1076 
117 
i 耀 . . 
：• F. ^ 
r , 
CUHK L i b r a r i e s 
milMMM 
Q0mMb202 
